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Abstract 

 
Judging whether a web image contains people  is 

useful in both pornographic image recognition and 
image filtering when searching for images of people. 
We proposed an approximate but rapid method to 
solve this problem. For a web image, three types of 
probabilities are calculated from the image itself, the 
image’s associated texts and the title of the web page it 
located, respectively. Then a final probability 
representing the people’s existence is achieved by 
fusion of the three probabilistic values. Based on the 
probability of people’s existence, we proposed a two-
layer framework for pornographic image recognition 
and a solution of image retrieval respectively. In the 
experiments conducted, our proposed framework and 
solution demonstrate good  performances in the image 
recognition and filtering respectively. 
 
1. Introduction 
 

Pornographic image recognition has attracted much 
attention for both academic research and industrial 
application recently. There are many algorithms for 
recognition pornographic images [1][2][3][4][5]. 
Nevertheless, practical algorithms are still lacking. 
Web image retrieval is another hot topic. Search 
engines have provided image retrieval services these 
years. However, because images are indexed only 
based on texts currently, many irrelevant images also 
return to users. We focus on a special kind of query 
that is retrieving for images of people by people's 
name. 

It is noted that both the above tasks are related to 
web images containing people. Current studies on 
image mining referred to people mainly focus on face 
detection and people detection. Ioffe et al. [6] used 
putative body segments to find people in images. Some 
other researchers focused on people detection in 
special scenes. Dalal et al.[7] proposed a HOG  feature   

Figure 1. Images of non-people and people. 
The four images above don't contain people. 
And all the below contain people. 

 
based  human  detection method. This method can 
detect standing people efficiently. These traditional 
methods are unavailable for web images because they 
focus on special scenes or people with special gestures. 
In pornographic images, human gestures vary greatly. 
In retrieving images of people, it is improper to filter 
irrelevant images through face recognition due to the 
high time-consumption.  

In this paper, we investigate on judging  people's 
existence in web images. This study is different from 
people detection in that people’s location is no need to 
return. This study uses a probability to reflect the 
importance of people in an image. Eight sample 
images selected from WWW are shown in Fig.1. There 
are also differences among the four images below. It 
can be seen that the person is very important in the 
fourth image while not important in the first one. 

We proposed an approximate but rapid method to 
calculate the probability of people's existence. We 
further extent our study to web image recognition and 
retrieval. A two-layer pornographic image recognition 
framework is described. The framework filters out 
non-people images in the first layer and filters out non-
pornographic images in the second layer. In retrieving 
images of people, if only images with high 
probabilistic values are returned, many irrelevant 
images can be filtered out and thus results are more 
relevant to users. 
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The remainder of this paper is organized as follows. 
Section 2 briefly introduces the overview of our 
method for exploring people's existence. Details of the 
method are introduced in Section 3. Section 4 
describes our solutions for pornographic image 
recognition and image filtering when searching for 
images of people based on people's existence, 
respectively. Experimental results are reported and 
discussed in Section 5. Section 6 concludes our study. 
 
2. Overview of our method 
 

Judging whether an image depicts people and his 
importance without any criterion or prior knowledge is 
difficult and subjective. In this study, we address this 
problem mainly by clues of people’s skin, i.e. if there 
is skin, there exists people in the image and the larger 
of the proportion of skin area, the more importance of 
the people. This criterion is established on the images 
in Fig.1. However, there are also many images of 
people which contain small part of skin area. Such 
kind of images do not affect our recognition and 
filtering results for two reasons: 1) When recognizing 
pornographic images, images with little skin can not be 
pornographic and 2) people's names usually do not 
appear in the associated texts of such kind of images 
usually. Thus search engines will not index them as 
images of people. Then they are not taken into 
consideration in this study. Three images are selected 
and shown in Fig.2. For the first image, it does not 
depict a certain person but only a part to show an 
artistic idea. There may be just two masks in the 
second image. The associated texts of the third image 
are “cast a giant shadow" meaning the cameraman 
wants to show the shadow instead of the person. All 
the associated texts of the tree images don't contain 
people's names. 

It is not enough to determine people's existence 
only by skin because skin detection is still an open 
problem [11]. We propose a probability fusion 
framework shown in Fig.3. For a web image, three 
types of probabilities are calculated base on the image 
(probability1), its associated texts (probability2) and 
the title of the web page (probability3) firstly. The 
final probability representing people's existence is 
acquired by fusion of the three probabilistic values.  

 
3. Details of our methods 

 
The details of calculating the three types of 

probabilities are introduced at first. Then the fusion 
strategy and summarized calculating steps are followed. 

 
Figure 2. Examples of images without skin. 
 

Figure 3. Overview of our method 
 
3.1. Probability from Image 
 

Let pimage represent the probability of people's 
existence  (considering that gray images are 
uncommon on the web, we only handle color image). 
Noted that whether an image contains people is 
independent of its size, then the size is not considered. 
For further processing, an image is divided into 64 
sub-regions by placing a 8*8 grid over it (eight is 
chosen empirically under the balance of accuracy and 
complexity).  

The first step is skin detection for pixels in an image. 
If the proportion of skin pixels in a sub-region exceeds 
a predefined threshold τskin, the sub-region is taken as a 
skin sub-region. Otherwise, it is a non-skin sub-region. 
Two sub-regions are regarded as connected only if 
they share a side. Connected sub-regions are combined 
to skin areas. The number of sub-regions in each skin 
area forms a sequence-set which can be written as 
follows without loss of generality. 

                   (1) 1{ , , , , }kSeq N N N= K

where K is the number of skin areas and Nk represents 
the number of skin sub-regions in the k-th skin area. 
Let N denote the total number of skin sub-regions 
detected. We have N=∑Nk. Take images in Fig.4 as an 
example, there are 6 skin sub-regions belonging to 4 
skin areas. Its sequence-set is {2, 2, 1, 1} and N = 6. 
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Figure 4. (a) The original image, (b) The skin 
pixels, (c) The skin sub-regions. 
 

If we assume that the probability of detected non-
skin area coming from skin is very small, Seq reflects 
both spatial and statistical properties of skin pixels' 
distributions in an image. Consequently, our problem 
is briefly transformed to that, given the Seq of an 
image, how to determine whether the image contains 
people. 

Considering that a non-skin sub-region may be 
misclassified as skin sub-region, we define perror as the 
probability that a sub-region without people's skin is 
misclassified as skin sub-region. perror mainly depends 
on the following factors: skin detector, size of the grid 
and τskin. If all these factors are fixed, perror should be a 
constant. Now we take an arbitrary skin area for 
consideration. Whether a sub-region is a skin sub-
region is related to its adjacent sub-regions. The theory 
of the conditional random field can be used to describe 
this kind of relationship and construct a probabilistic 
model. However, we choose a simple method for 
efficiency based on the following priori knowledge: 

· All the skin sub-regions in an skin area are from 
the same object. 
We find that this priori knowledge are established in 
most of the images collected. Let NSj represent that 
there is no skin in the j-th skin area. The equation 
below is obtained based on the priori knowledge: 

                       ( | ) jN
j j errorp Seq NPS p=                      (2) 

According to Bayes rule, we obtained: 
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p(NPSj|Seqj) denotes the probability that there is no 
skin in the j-th area with condition that the j-th area is 
detected as a skin area. Note that if there is no skin in 
the image, none of the skin areas detected is from skin. 
Let PS = (There is skin in the detected skin areas). 
Assuming NPSj is independent of Seqk if j≠k, we can 
obtain the equation of (4). We just judge whether there 
is people based on Seq approximately. We obtain (5). 
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p(NPSj) depends on prior knowledge. Actually, prior 
knowledge is independent of the area appointed. Then 
p(NPSj) can be viewed as a constant and let pNPS.prior  
represent it. With (4), (5) is transformed to: 
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∏
          (6) 

Let prtos be the probability that a random sub-region is 
detected as skin sub-region and crtos be a normalization 
factor. The equation representing the priori knowledge 
about Seqk is obtained: 

( ) jN
j rtos rtosp Seq c p=                      (7) 

With (7), equation (6) can be transformed to: 

                       .1 ( ) ( )NPS priorN Kerror
image

rtos rtos

pp
p

p c
= −         (8) 

crtos, perror, prtos and pNPS.prior are constant, then equation 
(9) can be written as follows: 

1 N K
imagep a= − b                         (9) 

The parameters can be learned from a large-size data 
set. Then the probability can be calculated by N and K 
after extraction of the skin sub-regions and skin areas. 
 
3.2. Probability from Associated Texts 
 

There are extensive studies on using associated 
texts to improve image mining tasks[13]. Associated 
texts around an image are the semantic descriptions 
produced by human beings. They can help us to 
classify images of people. Experimental results show 
that Naive Bayesian (NB) method is a good learning 
scheme even on data with substantial feature 
dependencies[14]. We use the NB method to classify 
the associated texts around an image, as it outputs 
probability that an image contains people rather than a 
certain result. 

Let W = {w1, w2,…, wK} be text features and C ={c1, 
c2} be the set of categories in two-class problems. 
When a new feature vector  is input, the NB classifier 
is used to calculate the probability p(cj|W) for the j-th 
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category. Then the output is the category with larger 
probability. Detailed steps can be found in[3].  

In the context of our problem, there are two 
categories: people and non-people. Each image’s 
associated texts are labeled according to the image it 
described when training. As the associated texts are 
very short in length, the time consumption can be 
extremely low. This probability reflects whether an 
image contains people based on its associated texts and 
let ptext represent it. 

 
3.3. Probability from web page’s title 

 
Web pages' titles usually summarize the main 

themes of pages, and images in pages of different 
themes may differ in content styles. In [15], title was 
used as additional useful information in web page 
classification. We also consider it as an additional 
evidence to judge people's existence.  

Note that both web pages' titles and images' 
associated texts play the descriptive role and are short 
in length. We calculate the probability from title by 
using the NB classifier as same as associated texts and 
let ptitle represent it. 

 
3.4. The fusion algorithm 
 

After the three types of probabilities are calculated, 
the final probability (ppeople) can be acquired by fusing 
them. There are so many fusion algorithms in the 
literature. Wang[17] performed a comparative study on 
twelve common fusion methods including min rule, 
max rule, product rule and Dempster-Shafer evidence 
theory(DSET). DSET outperforms all the others in 
their experiments. DSET is a classical fusion 
framework and can be regarded as a generalization of 
Bayes inference. The three types of probabilities can 
be regarded as three basic probabilities assigned from 
the three sources. We use the Dempster rule described 
in [16] to combine them (one can refer [16] for details). 
The final result is the belief of whether people exist. 
 
3.5. Calculating steps 
 

The key step of the text processing is keyword (or 
feature) selection. Note that both images' associated 
texts and titles of web pages are short and usually 
contain no more than twenty words, each word 
appearing in them is selected as the keyword with two 
constrains: 1) stop words are out of consideration and 
2) all the people's names are taken as the same feature 
considering that different names provide the same 
information for our task. If all the keywords are 

determined, parameters of the NB classifier can be 
learned from the training set. Assume that both the NB 
classifiers for associated texts around images and 
pages' titles have been learned, and all the parameters 
have been determined. Calculating ppeople of a web 
image is summarized in Tbl.1. 

 
Table 1. Detailed calculating steps 

Step1. Extract the image, its associated texts and 
page’s title respectively. 
Step2. Divide the image into 8*8 sub-regions and 
detect skin pixels. Accumulate the number of skin 
pixels in each sub-region. If its proportion exceeds 
τskin, the sub-region is selected as skin sub-region. Then 
extract the skin areas. Number of skin sub-regions K 
and number of skin areas N are counted. pimage is 
calculated with formula (9). 
Step3. Extract feature vector of the associated texts 
and calculate ptext with NB classifier learned from the 
training set. Extract feature vector of the title and 
calculate ptitle with the NB classifier learned from the 
training set. 
Step4. Calculate the final probability by fusion of 
pimage, ptext  and ptitle with DSET. If there are no 
associated texts or title, the corresponding probability 
(ptext  and ptitle) is set as 0.5. 
 
4. Recognition and filtering 
 

Now the probability of people's existence is 
obtained. We apply it to recognizing pornographic 
images and filtering irrelevant images of people. 
 
4.1 Two-layer recognition framework 
 

Pornographic images are usually regarded as image 
containing whole or part of people’s nude. The central 
issue of existing methods is how to extract effective 
features. However, due to the semantic gap, it is 
difficult to extract the essential features of 
pornographic images. Our study doesn't focus on 
feature extraction and classifier design like existing 
methods but on a higher level. 

Hu et al. developed[3] a generalized contour-based 
pornographic image recognition (GCbR) algorithm. It 
achieves a higher recognition rate than region based 
algorithm on a test set of 3000 images[3]. Based on the 
experimental results and our analysis, there are two 
main factors hindering it for actual use. 

1) Most web pages contain more than one image. 
GCbR algorithm can't classify such pages with a low 
time cost.  
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Figure 5. Two-layer recognition framework. 
 

2) GCbR has an implied assumption that there is a 
complete human body contour in a pornographic 
image. This assumption is too strict. It denotes that the 
features extracted by GCbR are of special kind of 
images oriented features, which can lead to a distort 
classifier. 

The above problems are also established on most of 
other existing algorithms. To alleviate the above two 
problems, a two-layer recognition framework is 
proposed in Fig.5. In this framework, whether an input 
image contains people is judged in the first layer. If not, 
the output is normal directly. Otherwise, the image is 
input into the second layer, and the classifier is used. 
This framework can reduce time cost efficiently and 
also alleviate the second problem above. The image 
classifier can be an arbitrary classifier such as GCbR. 
    
4.2 Filtering for image retrieval 
 

Web search engines have provided image retrieval 
services for users these years. Because of technical 
obstacles in image indexing, web images are indexed 
mainly by their associated texts. This strategy makes 
web image retrieval available, but it brings a low 
precision rate although a high recall rate. For instance, 
if the string  “Bill Gates” is entered into the Google or 
Yahoo image search interface, many irrelevant images 
containing objects such as a car or a white chart named  
“Bill Gates astrology chart” are returned. This kind of 
drawbacks occurs very commonly when retrieving 
images of people. We made the string "Bill Gates" as 
the query and searched for images with Google and 
Yahoo. The factions of irrelevant images in the top200 
images are 20% of Google, 19% of Yahoo. Some 
selected irrelevant images are shown in Fig.6.  

Users are more concerned about the precision rate  

 
Figure 6. Irrelevant images returned by Google. 

 
due to the information explosion now.  Filtering such 
irrelevant images is useful in improving the quality of 
image retrieval. However, as is best to our knowledge, 
study on this problem has not been published yet. Note 
that most irrelevant images belong to non-people 
images and relevant images belong to people images. 
As a result, we propose a solution that filtering such 
irrelevant images by checking whether they contain 
people. If the probability ppeople of an image returned is 
lower than the threshold, the image is regarded as 
irrelevant to the query (people's name). Only images 
with higher probabilities than predefined threshold are 
returned to users. 

 
5. Experimental results 
 
   We first describe our data sets and the skin detection 
algorithm used. Then we report the results of image 
recognition and filtering separately.  
 
5.1 Data sets and skin detection 
    
    To learn the parameters, 1610 images in the JEPG 
format with their associated texts and titles are 
collected from 1000 web pages as the training set in 
which 829 images contain people and 781 images do 
not. The 1000 pages consist of 10 subcategories, 
namely Arts, Business, Science, Computer, News, 
Shopping, Game&Recreation, Society, Healthy and 
Sports. There is also no public training and test set for 
pornographic image recognition. We collected 821 
images with associated texts and titles from the web as 
the first test set (RSet) including 421 normal images 
and 400 pornographic images. In addition to this, we 
made ten queries of different people's names which are 
very common used and then collected top 100 images 
with the associated texts as the second test set (FSet) 
for each query from Baidu. The names are “Li Fang”, 
“Wang Wei”, “Wu Gang”, “Xie Guo”, “Zeng Hui”, 
“Zhou Bin”, “Zhu Yan”, “Hu Tao”, “Chen Yu” and 
“Wei Jin”.  
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Table 2. Predefined parameters for recognition 

        a        b       τskin        τprob 
      0.8 0.6 0.8 0.5 

 
Table 3. The recognition results 

 Non people People All 
FRR(GCbR) 
TRT(GCbR) 

3.41% 
11.1s 

17.55% 
5.19s 

10.05% 
16.29s 

FRR(two-layer) 
TRT(two-layer) 

0.85% 
4.10s 

9.91% 
3.90s 

5.19% 
8.0s 

 
We use the histogram-based skin detection method 

because of its simple calculation and good 
performances[12]. This method is based on 16*16*16 
color bins. It stores the probability of being skin for 
each bin. When a pixel is input, its color is mapped 
into one of the 16*16*16 bins. If the probability stored 
of the matched bin is larger than a predefined threshold, 
this pixel is a skin pixel. Otherwise it is a non-skin 
pixel. 
 
5.2 Pornographic image recognition 
 

We use the free version of ICTCLAS to segment 
texts and titles[18]. Then parameters of two NB 
classifiers can be learned from 1610 samples. At the 
stage of the image processing, the skin threshold (τskin), 
a and b in equation (9) should be predetermined. They 
can be learned from a large-size data set. In this 
experiment, we set these parameters according to the 
false detection rate of the skin detector and 
experiments on the training set. The refereed 
parameters are listed in Table 1. It is difficult to 
implement other recognition methods because most of 
them contain so many parameters. This sub-section 
only chooses GCbR as the classifier. We evaluate 
whether the GCbR can be improved by using the two-
layer framework. Because we can't collect a test set in 
which the proportion between normal images and 
pornographic images is equal to real value, we design 
two schemes to test the effectiveness of our method in 
normal data and pornographic data separately. In each 
scheme, we use both the proposed two-layer 
framework (the classifier is GCbR) and the GCbR 
algorithm solely to recognize images in test set. 

In the first scheme, a subset of 421 normal images 
from RSet are taken as the test data include 219 non-
people images and 202 people images. Let FRR as the 
false recognition rate and TRT represent the total 
recognition time. Table 2 shows the experimental 
results of the two methods. From the table, TRT of the  
 

 
Table 4. Predefined parameters for filtering 

        a        b       τskin        τprob 
      0.4 0.5 0.3 0.3 

 
Table 5. The filtering results 

Name PRo PRf RRf Time(s) 
Li Fang 75% 87% 96% 0.45 
Wang Wei 60% 82.6% 95% 0.46 
Wu Gang 43% 82% 77.9% 0.45 
Xie Guo 53% 71.9% 81.8% 0.49 
Zeng Hui 45% 68% 100% 0.49 
Zhou Bin 75% 89.6% 94.6% 0.48 
Zhu Yan 83% 87.1% 81.9% 0.50 
Hu Tao 50% 66.7% 90% 0.55 
Chen Yu 62.5% 85.7% 96% 0.53 
Wei Jin 47.5% 70.1% 90.5% 0.52 
Average 59.4% 79.1% 90.4% 0.49 

 
two-layer framework is 8.0 seconds while it is 16.29 
seconds if only GCbR used. FRR of the two-layer 
framework is half of the value when only GCbR used. 
In the second scheme, a subset of 400 pornographic 
images from RSet are taken as the test data. The result 
shows that the FRR is invariant compared with just 
using the GCbR algorithm. Because all the 
pornographic images are not falsely detected as non-
people images in the first layer, it does not affect the 
recognition of pornographic images in the second layer. 

From the two experimental schemes above, we can 
get the conclusion that the FRR is decreased, and the 
recognition time of the normal images is decreased 
dramatically. Table 3 shows the comparing when using 
the two-layer framework instead of using GCbR solely.  

 
5.3 Filtering for images of people 
 

The parameters are listed in Tbl.4. Images in FSet 
are taken as the test data. Only images and their 
associated texts are taken into account ( ptitle is set as 
0.5). The NB classifier is the same as the one trained in 
pornographic image recognition. Let N represent the 
number of original images returned from Baidu, Np 
represent the number of images containing people, Nf 
represent the number of images after filtering and Nfp 
represent the number of images containing people after 
filtering. Then the original precision rate (PRo), 
precision rate after filtering (PRf ) and recall rate after 
filtering (RRf ) are defined as follows: PRo = Np / N, 
PRf = Nfp / Nf, RRf = Nfp / Np.  

Table 5 shows the experimental results. We can see 
that the precision rate is increased to 79.1% while the  
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Figure 7. Images returned by search engine. 
Images in red rectangle are irrelevant ones. 
 

 
Figure 8. Images after filtering. 
 

original value is 59.4% before filtering. Most of the 
mis-detected people images are those in poor quality 
(e.g. vague photos taken by web cam. If such kinds of 
images are ignored, the recall rate will be higher than 
95% (The original recall rate is regarded as 100%). 
Images in Fig.7 and Fig.8 show an example of 
searching for images of “Bill Gates". Four irrelevant 
images without people are filtered out. Based on the 
results, we concludes that our method can filter 
irrelevant images effectively with a low time 
consumption. It is promising in the actual application.  
 
6. Conclusions 
 

In this paper, we explore people's existence on web 
images. We proposed an approximate method by 
employing fusion of images, associated texts around 
images and titles of web pages to determine people's 
existence. The computing time cost of this method is 
extremely low. We further extent the result of this 
study into pornographic image recognition and 
retrieving for images of people. A two-layer 
recognition framework is proposed in order to improve 
the performances of existing pornographic image 

recognition algorithms. On the other hand, A solution 
is proposed to filter the irrelevant images when 
searching for images of people. Experimental results 
show that the framework and solution are promising in 
practical image recognition and filtering tasks. 
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