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Abstract: Objective: To improve the existing target detection algorithm under multi-example 
learning and to surpass the existing target detection algorithm under weak supervised learning. 
Methods: To obtain the underlying visual features of the significance region according to the 
existing significance methods and train the performance of the target features. The visual 
significance objective is studied by means of random vector to obtain the weight of representation 
in the significance. The ROC curve of the iterative significant graph was calculated to find the 
optimal solution and the optimal weight of the target. Results: The application of visual 
significance target detection algorithm greatly promoted the development of weak supervised target 
detection algorithm, and gradually replaced the traditional multi-example learning method. In 
particular, the accuracy of Pascal VOC 2007 was significantly improved after the joint algorithm 
was adopted, reaching 79.3%. Conclusion: The visual significance target detection algorithm under 
weak supervised learning simulates the process of human perception of specific attention objects in 
vision. The detection accuracy of this algorithm is better than many existing algorithms, and it can 
effectively detect the visual significance target. 

1. Introduction 

Weak supervised learning is a hot research direction in the field of machine learning. It receives 
the supervised information according to the data information in the training database [1]. Weak 
supervision and learn how the sample and a semi-supervised learning two modes, simply put, more 
sample learning is composed of several only category label package, and this bag also have no fixed 
tag sample properties, usually, the sample data sets is far more than learning method more 
supervision data set [2-3]. Weak supervised learning has a wide range of application scenarios, but 
currently, due to the lack of research results, innovative application results in practice are relatively 
rare [4]. In addition, the detection performance of existing weak supervised learning algorithms is 
also generally unsatisfactory, so the visual significance target detection algorithm under weak 
supervised learning has very important theoretical and practical significance [5-6]. 

Most of the existing visual significance target detection algorithms start from a single image to 
carry out research. On the one hand, it is difficult to truly achieve the significance goal of 
distinguishing images according to their underlying attributes, and this detection method has little 
correlation with the memory of human brain [7]. However, in real life, we often encounter a 
different situation -- we pay more attention to repeated information and form a perception of such 
information. Existing research models and algorithms cannot properly solve such problems, so it is 
urgent to provide an effective solution [8-9]. The research in this paper presents an effective 
algorithm processing scheme, which simulates the process of human visual perception learning of 
specific targets and realizes the detection of specific visual targets by constantly deepening the 
perceptual learning ability [10]. The algorithm proposed in this paper USES the weak supervised 
learning training to learn the visual significance of the target performance and the calculation of the 
significance of the image weight. 
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2. The Algorithm Proposed by the Paper 

2.1 Algorithm Framework 
The training process of the algorithm proposed in this paper is iterative learning, which realizes 

the repeated perception of cognitive objectives and the status weight in significance through 
continuous iterative reinforcement. In general, the operation process of the algorithm is divided into 
three stages. The first stage is representational learning, which sets the image segmentation as a 
threshold domain of unequal height to distinguish positive and negative instances. The second stage 
is to use CRF to realize the combined learning and to obtain the weight ratio of visual significance. 
The third stage USES the acquired significance representation to update the annotation information 
of the training image. 

2.2 Representational Learning of Visual Significance Objectives 
People thinking initiative determines that determines that people tend to repeat show attention, 

and form on the self cognition of this kind of thing, but if you want this kind of information for 
significance test, we need to judge the characterization of these visual images of the bottom color 
piece, again carries on the image processing to extract can realize the nature of the depth of 
understanding of information. The acquisition of representation is the simultaneous establishment of 
the eigenvalues constructed by the visual significance model through SVM, and the visual object 
significance of each image is often characterized by multiple representations. How to distinguish 
between the positive example and the negative example labels, and to achieve different 
representations of the significance under multiple labels is the purpose of SVM construction. The 
storage representation determined by the research topic in this paper is a multi-example dictionary 
representation of maximum edges. Firstly, all positive instances are clustered with k-means, and the 
positive instances are labeled with different labels. Then, the multi-label SVM is trained with the 
negative instance as the training set, and the symbol z∈{0,1,... ,K} represents the label of the the 
image block,K is the number of targets divided into different attributes according to the 
characteristics, when z=0, x is a negative instance, when z∈{0，1，.... ,K}, x is the KTH attribute of 
the positive instance target. Therefore, linear SVM can be used to learn the coefficient 
W=[w0,w1,...wk] under each annotation information. The annotation information of each image 
block x is obtained by formula (1): 
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According to the above method, we obtain SVM of different labels, that is, the representation of 
different attributes of the target. Therefore, the representation of the visual significance target of the 
the image block can be expressed as equation (2): 
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3. CRF Coefficient Selection and Experiment 

3.1CRF Coefficient Selection 
ROC curve calculation: first, during each iteration, we learned the representation of the visual 

significance target and the CRF coefficient, and then calculated the significance graph of the test 
image based on the information learned in this iteration. In the test database, the obtained 
significant graph was divided into fixed threshold values, and a total of 26 thresholds of 0:10:250 
were selected to calculate the precision and recall rates respectively. The image cables with 
significant value greater than the threshold value in the significant graph were demarcated as 
significant image cables, and the remaining pixels were demarcated as non-significant pixels, so as 
to depict the ROC curve. Recall rate and accuracy rate according to formula (3) : 
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Where: P—precision, R—recall, TP—number of true dominant pixels in the detected significant 
graph, FP—number of false-dominant pixels in the detected significant graph, and FN—number of 
non-dominant pixels in the detected significant graph. 

3.2 Experimental Process 
In this paper, two databases are constructed. The data sets selected in this paper are selected from 

the network, and the contents of the two data sets are visually detectable. Each data contains 
multiple images for detection, and the target sizes are all images of different sizes processed in 
batches according to the experimental requirements. The difficulty of the overall detection process 
is moderate. In the experiment of the first data set detection, we selected several training pictures 
from the sample set and used the rest as formal test pictures. When the second data set is detected, 
several images are extracted as training images and the rest as test images. During the experiment, 
we uniformly set the size of the formally tested image to 250*250, so as to analyze the actual 
significance value of the visual significance target in each color block. 

4. Discuss 

4.1 Comparison of Target Detection Algorithms under Weak Supervised Learning 
At present, weak supervised target detection is mainly in two directions. The other is to combine 

weak supervision with Shared characteristics for collaborative learning. In this paper, two criteria 
are selected: average accuracy (mAP) and positioning accuracy (CorLoc). Since both classification 
and positioning in the target detection model need to be evaluated, but each image may have 
different targets of different categories, the standard measures in the image classification problem 
cannot be used for target detection, so we choose mAP. In addition, for weak supervised learning, 
CorLoc is also an important standard to measure the detection results because the boundary box of 
the target is not given. 

The five algorithms involved in the comparison are simply expressed here as A, B, C, D and E. 
Method A is A method of antagonistic discriminant domain adaptation, which is close to the source 
mapping by means of fixed source domain mapping, target mapping, and domain adaptation by 
means of loss function optimization. The optimized target model will be used for unsupervised 
learning in the target data. Method B mainly converts the domain source data into the image with 
sample label by image conversion technology, or generates pseudo-sample annotation on the target 
domain data by pseudo-labeling. Due to the strong migration capability of the algorithm, the 
detection algorithm still has a lot of room for development. C the characteristics of the input image 
is firstly extracted, then using the hypercomplex matrices combine these characteristics and carries 
on the hypercomplex Fourier transform into frequency domain, and then the analysis of the 
harmonic frequency at different scales have different scales of significant figure, according to the 
information entropy to select the optimal scale of significant figure as the image of the final figure 
significantly. D method is similar to the recursive neural network, primarily to detect the image of 
an area to represent the current image of a scene, it calculated significant figure of global and local 
image and look at the area near the information on the said that the test framework including 
convolutional neural networks and the convolution deep network two kinds of neural networks, can 
effectively solve the target in remote sensing image is too small and complex background. Method 
E looks for the most significant region or target with the highest degree of difference according to 
the underlying feature stimulus of the image. Firstly, the image is layered with gaussian pyramid to 
extract the three features of color, brightness and direction of different layers of the image. Then, 
the sub-significant map of each feature is calculated by using the central-peripheral operator. Finally, 
the final significant map is obtained after linear weighting normalization. 
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The evaluation results of the average accuracy of the mainstream weak supervised target 
detection algorithm tested with Pascal VOC 2007 are shown in table 1 below. Among them, the first 
four test sets are based on a single weak supervision model, and the middle four test sets adopt 
multiple networks for collaborative learning. The average accuracy of single training model was 
43.8%, 64.2%, 25.4%, 38.5 and 45% respectively, while the results of cooperative learning were 
41.4%, 34.2%, 67.4%, 52.9% and 64.4% respectively. The final method combines the detection 
method of layer by layer visual significance mechanism, and the result is 79.3 %. The results show 
that the results of weakly supervised target detection are improved by using the visual significance 
target detection algorithm proposed in this paper. However, after the introduction of target bounding 
box and space regularization for collaborative learning, the result reached 39.3 percent and the 
performance was improved. Method A simplifies the network structure of method B, and the mAP 
is 41.4%. This result has reached the performance of collaborative learning, which is close to the 
highest level of weak supervised target detection of single model at present. B improves the result 
by 33.2% on the basis of C. D proposed the antagonism network model based on domain adaptation. 
However, the oscillation caused by the loss function made the result only reach 52.9%, but it had a 
certain impact on the method proposed by E et al. The positioning accuracy of method E reached 
64.4% on average, which achieved good results in the current mainstream of weak supervision 
detection methods. In this paper, the visual significance target detection algorithm is proposed, and 
the average positioning accuracy of the algorithm reaches 79.3%, with the optimal effect, which is 
basically at the same level as the current strongly supervised learning method. 

Table 1. Performance test of the algorithm in this paper 

Methods Aero Bike Bird Boat Bus Car Cat Cow Table Train CorLoc mAP 

A 60.6 70.6 31.3 25.7 55 52.1 24.9 35 32.2 33.9 43.8 41.4 
B 63 58.5 32.5 34 64.7 70.3 69.6 58.6 46.6 65.4 64.2 34.2 
C 31.6 49.1 66.3 36 73.4 40.5 27.4 56.9 71.1 54.4 24.5 67.4 
D 39.8 68 55.7 38.3 55.5 25.4 57.2 43.3 36.4 68.8 38.5 52.9 
E 26.2 47.5 52.8 27.9 37.9 56.8 47.1 52.9 41.8 54.1 45 64.4 
Algorithm 
proposed 
by this 
paper 

49.4 56.6 60.1 25.1 66.2 30.8 41.1 51.9 58.3 25.5 64.7 79.3 

4.2 Subjective and Objective Comparative Analysis 
In order to verify the superiority of the proposed algorithm and similar algorithms, the proposed 

algorithm is compared with the mainstream A, B, C, D and E algorithms. Under different iterations 
of peach blossom of ROC curve evaluation results are shown in figure 1 below, can be found from 
the figure, when the image contains more complicated background or noise, its significant features 
are often not obvious, the mainstream algorithm only from the images of monochromatic order, 
unable to accurately identify the underlying characteristics of images, the algorithm proposed in this 
paper in addition to the detection of targeted, also includes many visual target detection object, to 
detect the image contour is relatively more clear and complete. The most important thing is that the 
image detected by this algorithm does not need a lot of manual labeling behavior, and only a little 
interference can realize the perception of specific target. 
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Figure 1. ROC curve of peach blossom under different iterations 

When the quantitative model is compared laterally, if the image to be processed is cut, center of 
gravity shift or flattening treatment, the ROC curve will cause a serious displacement vector 
deviation. Therefore, this factor should be fully taken into account in the comb of the experiment to 
eliminate these potential unfair factors. In this paper, prospective statistics and exception handling 
have been done when comparing the experiments, so the above situation does not exist. 

In the process of experiment, we choose two sample data sets of the accuracy of the targeted to 
find and completeness evaluation, and then draw out of the mainstream algorithm and comparative 
overview in this algorithm in the data sample processing, the following shown in figure 2, in this 
paper, the proposed algorithm in the underlying visual significance is slightly better than A 
algorithm in the operation, but the B algorithm is based on the former in the underlying visual 
operation supervision and study way, need to manually marked its appearance, and can't effectively 
contrast. The algorithm proposed in this paper is a kind of reciprocating learning that constantly 
strengthens the repeated targets without marking the significance target in advance, which expresses 
the requirement that this method can realize the visual significance target test in independent 
learning, and it also surpasses the accuracy of the existing mainstream algorithms in terms of 
accuracy. 

 
Figure 2. ROC curve comparison between the proposed algorithm and other mainstream 

algorithms 

Conclusion 

Human visual ability includes the characteristics of gradual attention to specific targets and 
autonomous learning. After this learning mode is simulated, the perception and attention of objects 
can be realized and autonomous learning can be conducted automatically. In this paper, the 
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simulation research of this kind of visual perception adopts the visual significance target detection 
method under weak supervised learning to realize the learning and updating of the significance area, 
and realize the perception of the target, so as to complete the process of gradually paying attention 
to and learning the specific target. 

In this paper, the comparison results of various weak supervised learning algorithms obtained by 
Pascal VOC 2007 show that this algorithm maintains a high level of accuracy in perception and 
understanding of significance objectives compared with other algorithms. Due to the limitation of 
time and expense, the research in this paper fails to establish the objective function to automatically 
select the best significance model matching. The next research will take this as the breakthrough 
goal, so as to further improve the practical application value and detection accuracy of this 
algorithm. 
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