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Abstract—In this paper, we present a practical solution to
identifying pornographic images based on multiple low-level
image features and support vector machine (SVM). First, the
region of interest (ROI) is obtained from an original image
based on the detection of skin-like pixels in YCbCr color space.
The ROI is then classified into being acceptable or unacceptable
by its size. Images without ROIs or acceptable ROIs are deemed
to be benign images. For images with acceptable ROI, the color,
texture and shape features are further extracted on ROI, and
then fed to a SVM classifier to perform the task of recognition.
Our approach has obtained 96.05% sensitivity and 96.17%
specificity on a dataset containing 8,000 pornographic images
and 12,500 benign images, as well as the processing speed of
about 0.026 seconds for a PC to determine whether a given
image with an average size of 420 by 433 pixels is pornographic.
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I. INTRODUCTION

The rapid expansion of the Internet brings great conve-
nience to our daily life. Today any Internet surfer can easily
access a large amount of multimedia contents. However,
some contents, such as pornographic images, are not appro-
priate for children and adolescents. So it is very important
to provide a healthy web environment for children and
adolescents.

Now some commercial softwares have been designed
and many academic research solutions have been reported,
to block pornographic images from web browsing. The
researchers generally classify the existing image filtering
techniques into three categories: blacklist-based filtering,
keyword-based filtering and content-based filtering. The
blacklist-based approach blocks all the accesses to the
websites in a list of URLs where pornographic contents
have been found in the past. However, this class of methods
cannot timely capture all the URLs containing pornographic
contents, since the contents on the Internet are highly
dynamic. Moreover, some websites contains both benign
images and pornographic images, so it is not a wise way
to block the whole websites. Keyword-based approaches
prohibit the access to images on a webpage if many offensive
keywords or phrases are found on the webpage. Yet the
keyword-based filtering can aslo block images on some
benign websites, such as the educational sites about breast
cancer. In addition, some adult web sites incorporating
text into images make the keyword-based analysis fail.

Comparatively, the content-based approaches seem to be a
reliable solution by directly analyzing image contents. It
generally segments skin regions based on color and texture
information first, and then the features of color, texture
and shape are extracted from the skin regions. Finally, a
model is generated to discriminate pornographic images
from benign images. For example, the simplest model is
the K-nearest neighbor (KNN) model, where the content-
based image retrieval technique is exploited to obtain the
most similar K images in the database of template images
with a given image as a query, and then judge whether
the number of pornographic images in K images exceeds
a predefined threshold, such as [3], [7], and [10]. More
popular classification models include SVM [16], multi-layer
perceptron (MLP) [6], decision tree [12].

The pioneering work of detecting pornographic images
by analyzing image contents was introduced by Forsyth et
al. [2]. Their approach combined both color and texture
information to obtain skin regions. Then the skin regions
were fed to a specialized grouper, which attempted to
group human figure using geometric constraints on human
structure. Wang et al. [3] developed the WIPE system for
screening objectionable images by using a combination of
an icon filter, a graph-photo filter, a color histogram filter, a
texture filter and a wavelet-based shape matching algorithm.
Yoo [7] employed the MPEG-7 visual descriptors, including
edge histogram, color layout descriptor and homogeneous
texture descriptor, to identify and rate adult images. Zheng et
al. [6] classified objectionable images into two classes, adult
images and harmful symbols. Their approach employed
two filters, an adult image filter and a harmful symbol
filter, to block the corresponding contents respectively. Hu
et al. [11] proposed a framework of combining text and
image information to recognize pornographic web pages.
Pages were first classified into three categories: continuous
text pages, discrete text pages, and image pages. For image
pages, an image classifier used five image features extracted
from the contour shape to distinguish pornographic images
from benign images. Shih et al. [10] identified adult images
through the image retrieval way based on color descriptor,
edge shape descriptor and compactness descriptor. Lienhart
et al. [14] devised topic models based on probabilistic latent
semantic analysis (pLSA) to filter adult image contents. In
their approach, an image was represented as a pSLA model



using the SIFT feature and the self-similarity feature. For
image classification, the topic vectors of each test image
were classified by the simple KNN search using the L1-norm
as distance metric. An important problem of blocking porno-
graphic images is the definition of pornographic images
and benign images, which is a complicated social problem
and there is no unified answer. To overcome the problem
to a certain degree, some researchers treated the detection
of pornographic images as a multiclass image classification
problem, such as [7], [8], and [13].

In this paper, we present a new recognition system of
pornographic images, and it has two characteristics. First,
a ROI different from skin regions is first located, which
makes the feature extraction on it much more efficient, and
makes the recognition result more robust. Second, various
features are extracted from ROI, and background pixels are
also included in the ROI, so our system does not require the
skin detection algorithm with very high accuracy.

The rest of the paper is organized as follows. Section 2
presents our classification system of pornographic images in
details. The experimental results are reported in Section 3
to show the effectiveness of our method. Conclusions are
given in Section 4.

II. OUR CLASSIFICATION SYSTEM OF PORNOGRAPHIC
IMAGES

The framework of the proposed approach is summarized
in Fig. 1. For a given image, a ROI is first located by detect-
ing skin-like pixels in YCbCr color space. The ROI is then
classified into being acceptable or unacceptable based on its
size. Images without ROIs or acceptable ROIs are identified
as benign images. Otherwise, a 270-dimensional feature
vector is further extracted from the ROI to characterize the
color, texture, shape information in it. Finally, we train a
SVM classifier and employ it to perform classification.

A. ROI extraction

The ROI in an original image is detected by a generic
skin-like pixel detection method in YCbCr color space.
Garcia et al. [4] have noticed that skin-like pixels form
a small and compact cluster in the CbCr plane and that
intensity values have little influence on the skin detection
result in the CbCr plane. Therefore, the original image is
first transformed from the RGB color space to the YCbCr
color space. A pixel is considered as skin-like if it meets the
constraints in Eq.(1). Note that we make some linear trans-
formations in Eq.(1) to guarantee Cb and Cr components
to be in the range of [0, 255], compared with the range of
[-128, 127] in [4] .

As a result, we obtain a binary image, i.e., skin map,
which indicates whether a pixel is skin-like or not, as shown
in Fig. 2(b) where white pixels represent skin-like pixels and
black pixels represent non-skin pixels. The skin map is then

Figure 1. The framework of the proposed approach.

partitioned into a number of equal-sized (16×16 pixels) non-
overlapping blocks. For each block, if more than half of the
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pixels are detected as skin-like pixels, it is regarded as
a skin-like block. Otherwise, it is considered as a non-
skin block, as shown in Fig. 2(c). The region specified by
the minimum enclosing rectangle of the biggest connected
component is what we called ROI, which is surrounded by
the red rectangle in Fig. 2(d). If the width or height of
the ROI is smaller than 45 pixels, the ROI is regarded as
unacceptable and the corresponding image is declared as a
benign image. Otherwise, the ROI is regarded as acceptable
and further computation is required on it to obtain the
category of the image. From the example illustrated in
Fig. 2, we can see that the ROI just covers part of skin-
like regions, and those skin-like pixels in background are
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Figure 2. Illustration of the ROI extraction: (a) Original image, (b) Skin map, (c) Skin-like blocks, (d) Bounding box, (e) ROI image.

effectively excluded. Additionally, the extracted ROI is far
smaller than the original image. Thus, the extraction of ROI
not only makes the following feature extraction computation
on it much more efficient, but also makes the recognition
result more robust due to the removal of the interference of
skin-like pixels in regions other than the ROI.

B. Feature computation on ROI

1) Color descriptor: In the computation of ROI extrac-
tion, color information is just used to coarsely detect skin-
like pixels. However, the color difference between porno-
graphic images and benign images makes it reasonable
and natural to employ color information as a feature to
discriminate them. Yet, to avoid information redundancy and
more finely describe the color information of pixels in ROI,
the HSV color space is utilized in extracting color descriptor.

To compute the color histogram of ROI, the HSV color
space is uniformly quantized into 240 cubes in which the
quantization of each channel is 15 hues (H), 4 saturations
(S) and 4 intensities (V ) respectively. We finally obtain
the normalized color histogram by dividing the number of
total pixels in the ROI. It should be noted that the color
information of background pixels in ROI is also included
in our color descriptor, so our system does not require the
very high accuracy of skin detection, compared with those
approaches which extract related features from skin regions
specified by the skin map. This characteristic is also true for
the computation of texture and shape descriptor.

2) Texture descriptor: Texture information can be easily
perceived by humans and is believed to provide a rich
source of visual information about the nature. Since skin of
humans is generally very smooth, texture feature is a very
significant clue in discriminating pornographic images from
benign images. In our work, some texture features derived
from the gray level co-occurrence matrix [1] are utilized to
characterize the texture information of pixels in ROI. The
gray level co-occurrence matrix considers not only pixel
intensity values, but also pixel position information.

The gray level co-occurrence matrix H~d describes the
joint probability distribution of pixel pairs. Given a Nx×Ny

grayscale image with G discrete intensity levels, its gray
level co-occurrence matrix H~d = {h~d(i, j)} is a G × G

matrix, where ~d is a vector parameter used to describe the
relative spatial position of pixel pairs. Assume that p and
p′ denote the spatial locations of a pair of pixels, and their
grayscale values are correspondingly denoted by I(p) and
I(p′), the matrix element h~d(i, j) is defined by,

ĥ~d(i, j) = ‖{(p, p′)|d = p′ − p, I(p) = i, I(p′) = j}‖. (2)

s~d = ‖{(p, p′)|d = p′ − p}‖. (3)

h~d(i, j) = ĥ~d(i, j)/s~d . (4)

Υ =

G−1∑
i=0

G−1∑
j=0

(i− j)2h~d(i, j),

Φ =
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i=0

G−1∑
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ijh~d(i, j)− µiµj

σiσj
,

Ψ =

G−1∑
i=0

G−1∑
j=0

{h~d(i, j)}2,

Ω =

G−1∑
i=0

G−1∑
j=0

h~d(i, j)

1 + (i− j)2
.

(5)

where ‖A‖ denotes the number of elements in set A. Note
that Eq.(2) defines an asymmetric form of co-occurrence
matrix, while [1] defined a symmetric form. Through the
normalization computation by Eq.(3) and Eq.(4), the matrix
H~d becomes the estimate of the joint probability matrix
whose element denotes the probability of pixel pairs with
grayscale values i and j connected by vector ~d. However, the
co-occurrence matrix is not directly used for texture analysis.
Instead, a reduced number of features can be calculated
based on it for the purpose of texture discrimination. Among



Figure 3. Illustration of the texture descriptor extraction process.

those features, contrast Υ, correlation Φ, energy Ψ, homo-
geneity Ω are most frequently used and they are defined as
Eq.(5),where µi, µj and σi, σj denote the mean and standard
deviations of the marginal distributions h~d(i) and h~d(j).

To calculate the texture feature, the ROI of a given image
is uniformly quantized into 16 gray levels and divided into
four equal-sized subregions. For each subregion, four gray
level co-occurrence matrices are computed with ~d = (1, 0),
~d = (1, 1), ~d = (0, 1) and ~d = (−1, 1) respectively. For each
matrix, we compute the contrast, correlation, energy and
homogeneity according to Eq.(5) to form a 4-dimensional
texture feature vector. The final texture feature for each
subregion is obtained by taking the average of the four
feature vectors. Finally, a 16-dimensional texture descriptor
for the ROI is formed by concatenating the corresponding
ones for the four subregions together. Fig. 3 illustrates the
procedure of the texture descriptor extraction.

3) Shape descriptor: Generally, images with different
contents present different shapes. The moment-based shape
descriptors, especially those invariant to translation, rotation
and scale, are widely used to describe region. In our work,
for a given image, its acceptable ROI is first transformed into
grayscale ROI, and then a grayscale edge map is computed
on the ROI using simple Sobel edge detector. Based on the
ROI edge map, seven normalized central moments and seven
Hu moments are calculated to form the 14-dimensional
shape descriptor of the ROI.

The central moments νpq are invariant under translation.
In discrete cases, they are defined as Eq.(6), where mpq are
the (p+ q)th order moments.

νpq =
∑
x

∑
y

(
x− m10

m00

)p(
y − m01

m00

)q
f(x, y). (6)

The normalized central moments divide the central mo-
ments by certain normalization terms as shown in Eq.(7).

ηpq =
νpq
νr00

, where r =
p+ q + 2

2
. (7)

Hu moments are seven moments derived from the 2nd and

3rd order normalized central moments. They are invariant to
translation, rotation, and scale change.

Since η00 ≡ 1, η01 ≡ η10 ≡ 0, besides η00, η01, η10, we
compute the normalized central moments up to order 3 and
Hu moments to form the shape descriptor.

C. Identify pornographic images based on SVM classifier

Although Bosson et al. [5] found that the MLP classifier
gives better classification performance on pornography de-
tection problem than the generalized linear model, the KNN
classifier, and the SVM classifier, many researchers also
obtained good performance by using other classifiers instead
of MLP classifier, such as Lienhart et al. [14], Liu et al. [16].
In our system, we employ SVM to perform classification.

In the offline training stage, the features are first extracted
from the training images with acceptable ROI and are lin-
early scaled to the interval [0, 1] to form the feature database.
Then the scaled features are fed to the svm-train module of
LibSVM [9], where we use the radial basis function kernel
with parameters γ = 0.5 and C = 32. For a given test image
with acceptable ROI, a feature vector is extracted and then
linearly scaled by the scaling parameters obtained in the
training stage. Finally, the svm-predict module of LibSVM
gives the final classification result based on the obtained
SVM model and the input scaled feature vector.

III. EXPERIMENTAL RESULTS

To evaluate the performance of our proposed approach,
we prepare a dataset consisting of 20,500 images collected
from the Internet. The dataset contains 8,000 pornographic
images and 12,500 benign images. Pornographic images
in our system is defined as the images with genitals or
female nipples. The pornographic images involves various
postures and are manually labeled based on our definition.
The contents of benign images mainly cover people, animals,
landscape, and plants. Most people in images are Caucasians
and Asians, and a small number of them are Blacks. The
average size of these images is 420 by 433 pixels.

Table I
NUMBER OF IMAGES WITH ACCEPTABLE ROI

Number of
images

Number of images
with acceptable ROI

Pornographic 8,000 7,996
Benign 12,500 8,028
Total 20,500 16,024

In our evaluation experiments, 5-fold cross validation
is employed. The number of images with acceptable ROI
is reported in Table I. From Table I, we know that no
acceptable ROIs are found in 4,476 images, including 4,472
benign images ( 35.78% of benign images) and 4 adult
images (0.05% pornographic images). These images are
directly classified as benign images. Therefore, the ROI is
an effective filter for filtering out some benign images.



The remaining 16,024 images are then fed to the SVM
module. The final experimental results of the whole ap-
proach are reported in Table II.

Table II
THE NUMBER OF IMAGES CORRECTLY CLASSIFIED

Number of
images

Number of images
correctly classified

Pornographic 8,000 7,684
Benign 12,500 12,021
Total 20,500 19,705

To verify the validity of our approach, comparisons are
made between our method and method in [12]. Further,
we verify whether background information in ROI can
provide useful information for our task by comparing the
performance of our approach with the method I in which all
the features are extracted from skin regions detected in the
ROI instead of the whole ROI. The sensitivity and specificity
of our approach are 96.05%, and 96.17% which completely
outperform those of the method in [12] and the method I.
Since it is very difficult to guarantee that skin regions in
ROI are detected very accurately, feature extraction from
the whole ROI is more effective and robust.

Table III
COMPARISON OF SENSITIVITY AND SPECIFICITY

Methods Sensitivity Specificity
Our proposed approach 96.05% 96.17%

The method in [12] 93.40% 92.28%
The method I 95.34% 95.95%

Our approach has been implemented by C++ and run on
an Intel Core 2.83GHz PC. The average elapsed time for
a test image is about 0.026 seconds. Compared with 0.064
seconds in [15] on a P4 2.6GHz PC, our approach is faster.

IV. CONCLUSIONS

In this paper, we report our investigation on using multiple
features and SVM to identify pornographic images. The
5-fold cross validation experiments on 8,000 pornographic
images and 12,500 benign images demonstrate the effec-
tiveness of our approach. The high sensitivity 96.05% and
specificity 96.17%, as well as the fast processing speed of
about 0.026 seconds for an image with an average size of
420 by 433 pixels, make our approach very practical. The
ROI size is an effective filter for filtering out some benign
images. Extracting features from the whole ROI gives better
and more robust classification performance. To improve the
performance of our approach further, we will pay more
attention to the combination of low-level and high-level
sematic-meaningful features, such as face information.
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