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Abstract. Skin region detection plays an important role in a variety
of applications such as face detection, adult image filtering and gesture
recognition. To improve the accuracy and speed of skin detection, in
this paper, we describe a fast adaptive skin detection approach that
works on DCT domain of JPEG image and classifies each image block
according to its color and texture properties. Main contributions of our
skin detector are: 1) It jointly takes into consideration the color and
texture characteristics of human skin for classification and can adaptively
control the detection threshold according to image content; 2) It requires
no full decompression of JPEG compressed images and directly derives
color and texture features of each image block from DCT coefficients.
Comparisons with other existing skin detection techniques demonstrate
that our algorithm can compute very fast and achieve good accuracy.

1 Introduction

Color is an obviously distinguishing feature of an object. Pattern recognition
methods based on color can be invariant to object rotation, translation and
deformation. Specifically, skin color can provide a useful and robust cue for
human-related image analysis, such as face detection and pornographic image
filtering. Numerous techniques have been propose to detect human skin color
regions in still images, for example, [1, 2, 3, 4, 5, 6, 7], to name just a few. These
techniques can be generally summarized as pixel-based detection with static skin
color models: a static skin color model is learned off-line and each input image
pixel is checked according to the learned skin color model. If a pixel’s color value
satisfies the model, it is marked as skin pixel, otherwise, it is marked as non-skin
pixel.

Despite the enormous research efforts that have been devoted, two require-
ments for skin detection still remain challenging: accuracy and efficiency. As for
accuracy requirement, we mean that skin detection should be robust to imaging
conditions and not biased by human race. Skin color varies among different hu-
man races and can change greatly under different illumination conditions. There-
fore, skin detection methods that use static skin color models can not function
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properly in unconstrained conditions. To alleviate the limitations of static meth-
ods and to improve the accuracy of skin detection, adaptive techniques have been
introduced [8, 9, 10]. However, these techniques need full decompression of JPEG
images to pixels domain and iterative operations to select the most appropriate
skin model, such as iterative region segmentation in Phung’s method [8], itera-
tive thresholding on Gaussian mixture model in Quan’s method [9] and iterative
update of thresholding-box on H-S color component in Cho’s method [10].

Both full decompression of JPEG image and iterative operations bring about
the problem of computational burden. Sacrificing efficiency for accuracy may be
tolerated in some applications, but not in some other applications. For example,
in adult images filtering systems [1, 3], skin detection is a preliminary step to
identify benign images with few skin pixels and pass images with sufficiently large
skin regions for further examination. The computation cost of skin detection can
significantly affect the efficiency of the overall system. To improve the accuracy
and efficiency of skin detection, we propose an adaptive block-based skin detec-
tion approach in this paper. Our approach works on compressed domain and
determines each image block according to its color and texture properties. We
focus our effort on JPEG images because these type of images are mostly used
in web and the work reported here is part of our current project to develop a
system to block pornographic web images. Skin detection in JPEG compressed
domain has been previously introduced in [11], our approach differs from [11] in
feature extraction method and classification method. Two main contributions of
our approach are:

1. Our skin detector jointly takes into consideration the color and texture char-
acteristics of human skin for classification and can adaptively control the
detection threshold according to image content;

2. Our skin detector is very fast. It requires no full decompression of JPEG
compressed images and directly derives color and texture features of each
image block from DCT coefficients.

The rest of the paper is organized as follows: Section 2 gives an overview of
our approach followed by detailed descriptions in Section 3. Section 4 presents
our empirical study and Section 5 concludes the paper.

2 Overview

The basic to-be-process image unit in our algorithm is 4×4 image block, we
note here that we have tried different block sizes including 8×8 and 2×2 and
we found 4×4 block size yields the best result, so far as accuracy and speed are
jointly concerned. First, compressed JPEG image data are Huffman decoded and
de-quantized to get the DCT coefficients of each 8×8 image block. Since JPEG
image data are compressed using 8×8 block, we need to decompose each 8×8
block to four 4×4 sub-blocks and we then directly extracted color and textural
features of each sub-block from their DCT coefficients. Each block is classified
into skin and non-skin block using an initial threshold, adjacent skin blocks forms
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Fig. 1. Schematic description of our skin detection algorithm

a candidate skin region. For each candidate skin region, we examine whether it is
smooth enough. If candidate skin region is smooth enough, it is decided as true
a skin region, else, we increase the threshold and use the updated threshold to
remove noise blocks in the candidate region. This process iterates until each skin
region is smooth. The outline of our algorithm is schematically shown in Fig.1.
Although iterative operations are still needed to find the optimal threshold value,
our algorithm works on compressed image domain and thus can compute on the
fly. Details of computational complexity analysis is presented in section 4.1.

3 Details

This section provides detailed description of three core components of our ap-
proach: skin classifier, adaptive threshold selection and feature extraction in
JPEG compressed domain.

3.1 Skin Classifier

The task of skin detection is to classify each image block (or pixel) into skin or
non-skin categories. Although there exist many sophisticated classifiers, we opt
for Bayesian classifier because its effectiveness in skin detection has been shown
previously [1]. For an image block with color feature color and textural feature
texture, its posterior probability of being human skin region can be calculated as:
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P (skin|color, texture) = P (color, texture|skin) × P (skin)
P (color, texture)

(1)

Its posterior probability of being non-skin can be calculated as:

P (¬skin|color, texture) = P (color, texture|¬skin) × P (¬skin)
P (color, texture)

(2)

Here, P (color, texutre) are joint probability of color and texture in the domain of
image database. P (color, texture|¬skin) and P (color, texture|skin) are condi-
tional probabilities and they can be calculated using histogram method. For ex-
ample, we can use a training skin image dataset to obtain a histogram Hskin(x, y)
where Hskin(color, texutre) is the count of skin blocks with color feature color
and textural feature texture, then we can get the conditional probability as:

P (color, texture|skin) =
Hskin(color, texture)

∑
Hskin(color, texture)

(3)

Similarly, we can use a non-skin image dataset to get another conditional prob-
ability as:

P (color, texture|¬skin) =
H¬skin(color, texture)

∑
H¬skin(color, texture)

(4)

To avoid the computation of joint probability P (color, texture), we dived (1) by
(2) and have:

P (skin|color, texture)
P (¬skin|color, texture)

=
P (color, texture|skin)

P (color, texture|¬skin)
× P (skin)

P (¬skin)
(5)

When (5) is larger than a predefined threshold, the image block is classified as
skin region. Since the class prior P (skin) and P (¬skin) are unknown constants,
we can fold them into the threshold, so our skin classifier is:

F (color, texture) =
P (color, texture|skin)

P (color, texture|¬skin)
> τ (6)

Two major aspects distinguish our classifier from [1]. Firstly, [1] is pixel-based
and only the pixel’s color feature can be used for classification. As a comparison,
ours is block-based and, besides color features, additional textural feature can
make classification more robust. Secondly, [1] use a fixed threshold obtained
by trial-and-error, while our threshold is automatically controlled according to
image content, which will be described in section 2.2.

3.2 Adaptive Thresholding

The threshold value τ is crucially important for accurate classification. If the
threshold is too low, many non-skin regions will be mistaken as true skin re-
gions. On the other hand, if the threshold is too high, many true skin regions
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will be wrongly classified as non-skin regions. Traditional selection of threshold
value τ is through trial-and-error and the final decision is a ”global optimal”
one that strikes balance between precision and recall on the validation dataset,
which, however, may not be suitable for each image. An alternative is to find
optimum thresholds for each image according to its content. We observe that hu-
man skin region in image usually cover a certain area that are larger than 4 × 4
pixels (more than one skin block), and skin region are usually homogeneous in
texture property. This observation inspires us with an adaptive threshold selec-
tion mechanism. We can initially set the threshold with a relatively small one
and image blocks that satisfy equation (6) are marked as skin blocks. Adjacent
skin blocks forms a candidate skin regions, which may not miss true skin re-
gion but may include non-skin regions. True skin regions and non-skin regions
together will make the candidate skin regions exhibit dis-homogeneous texture
property. Then we increase the threshold, say, τ = ατ(1 < α), and skin blocks
who no longer satisfy (6) are removed from candidate skin regions. The process
repeats until candidate skin region become homogeneous and then marked as
true skin region. Actually, we adopt a coarse-to-fine selection, which is in spirit
similar to [8].

3.3 Feature Extraction

In JPEG compression scheme, color images use YCbCr color space and each
individual color component is compressed separately. Image data are compressed
in 8×8 block called data unit and Discrete Cosine Transform (DCT) is employed
to convert the data unit values into a sum of cosine functions. Conventional skin
detection approaches need to decode the images to the pixel domain first and
require inverse DCT (IDCT). Our feature extraction directly works on DCT
domain and bypasses the IDCT, which is computationally expensive. We adopt
YCbCr color space to describe image block’s color feature: color = [y, cb, cr]. The
reason for this adoption is twofold: First, it is consistent with JPEG compression
scheme and avoid the computation for color space conversion. Second, previous
work has demonstrate YCbCr is more valid than other color spaces for skin
detection [5]. The reason for us to choose block as basic processing unit is as
follows:

– It’s also consistent with JPEG compression scheme, and color and texture
features can be directly extracted.

– It can speed up the detection (see section 4.1 for analysis).
– Besides color feature, additional available texture feature can make our skin

detection more robust (see section 4.2 for comparison).

To describe block’s texture feature, we adopt intensity variance in Y color com-
ponent: texture = σ2(y). The more homogeneous a region is, the smaller its
texture is. We denotes DCT coefficients of an 4 × 4 image block to be FX

(u,v),
where X denotes color component, and u and v represents frequency indices.
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According to the definition of 2D DCT:

F(u,v) =
1
2
C(u)C(v)

3∑

i=0

3∑

j=0

f(i,j) cos
(2i + 1)uπ

8
cos

(2j + 1)vπ

8
(7)

The corresponding inverse DCT is:

f(i,j) =
1
2

3∑

u=0

3∑

v=0

C(u)C(v)F(u,v) cos
(2i + 1)uπ

8
cos

(2j + 1)vπ

8
(8)

where

C(u) = {
1√
2

, u = 0
1 , others

(9)

So the mean value of the block is:

µblock =
1
16

3∑

i=0

3∑

j=0

f(i,j)

=
1
32

3∑

u=0

3∑

v=0

C(u)C(v) ×
3∑

i=0

cos
(2i + 1)uπ

8

3∑

j=0

cos
(2j + 1)vπ

8
(10)

Since
3∑

i=0

cos
(2i + 1)uπ

8
= { 4 , u = 0

0 , others
(11)

We get:

µblock =
1
4
F(0,0) (12)

So we can compute block’s color feature as:

color = [
1
4
FY

(0,0),
1
4
FCb

(0,0),
1
4
FCr

(0,0)] (13)

The block’s texture property is computed as:

textureblock = σ2
block =

1
16

[
3∑

i=0

3∑

j=0

f2
(i,j)] − µ2

block (14)

According to Parseval’s theorem:
3∑

i=0

3∑

j=0

f2
(i,j) =

3∑

u=0

3∑

v=0

F 2
(u,v) (15)

Equation (14) can be reformulated as:

textureblock =
1
16

[
3∑

u=0

3∑

v=0

(FY
(u,v))

2 − (FY
(0,0))

2]

=
1
16

3∑

u=0

3∑

v=0

(FY
(u,v))

2, (u, v) �= (0, 0) (16)
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For an image region containing N adjacent blocks, texture property can be
similarly computed as:

textureregion = σ2
region

=
1

16N

N∑

k=1

3∑

i=0

3∑

j=0

[FY
k (i, j)]2 − [

1
4N

N∑

k=1

FY
k (0, 0)]2 (17)

=
1
N

[
N∑

k=1

textureblock +
1
16

N∑

k=1

(FY
k (0, 0)))2] − [

1
4N

N∑

k=1

FY
k (0, 0)]2

Since natural block size in JPEG is 8 × 8, we have to decompose each block
to four sub-blocks. Let F88 denote DCT coefficient of a 8 × 8 block, and let
F i

44, (i = 0, 1, 2, 3) denote the coefficients of corresponding 4 × 4 sub-blocks. We
can have:

[F
0
44 F 1

44
F 2

44 F 3
44

] = 2CF88C
T (18)

where C is the transcoding matrix, and readers are referred to [12] for more
details.

4 Experiment

Our experiments are designed to answer the following questions:

1. What is the performance (accuracy and speed) of our skin detector?
2. What is the gain of using both color and texture feature over using only

color feature?

4.1 Experiment A

To evaluate the accuracy and efficiency of our adaptive block-based skin detec-
tion algorithm, we compare our method with the adaptive methods proposed
by Phung [8] and non-adaptive method proposed by Jones [1]. We study true
positive (TP) and false positive (FP) of each method. True positive is defined
as the ratio of the number of ground truth skin pixels identified to the total
number of skin pixels. False positive is defined as the ratio of the number of
non-skin pixels misclassified as skin pixels, to the total number of non-skin pix-
els. The more accurate an algorithm is, the higher TP and lower FP it will have.
As for efficiency, we calculate the time (in milliseconds) used to detect all the
images in test set by each method. Each algorithm is implemented using C++
programming language and we run each algorithm five times to get the average
time. The experiments are done on a 1GHz Pentium IV PC running Microsoft
Windows 2000 operation system.

The dataset used in this experiment includes 3000 face images and 300 adult
images. Face images are from ECU face database [8]. Adult images are down-
loaded from Internet and for offensive reason, we don’t present adult images in
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Table 1. Comparison results of three skin detectors

Ours Jones’s[1] Phung’s[8]

TP 85.24% 82.27% 85.09%
FP 4.60% 4.61% 5.14%

Time(ms) 85,744 166,667 472,110
Average Speed
(fram/second)

12.82 6.60 2.33

this paper. We use 2200 images for training and 1100 images for test. All skin
detectors are trained on the same training data and tested on the same test-
ing data. Testing data contains 53,412,219 skin pixels and 235,305,733 non-skin
pixels. Skin and non-skin pixels are manually labelled.

Table 1 lists the comparison of accuracy and efficiency of three skin detectors.
As can be seen from the table, our skin detector outperforms two counterparts
in both accuracy and speed. In terms of accuracy, our detector surpasses two
others with higher TPs and lower FPs. Compared with Jones’s non-adaptive
method, our method gains 2.97% in TP while their FPs are almost identi-
cal. Compared with Phung’s adaptive method, our method increases 0.15% in
TP and decreases 0.54% in FP. The superiority of our detector lies in the fact
that we jointly take human skin’s color and texture property into account and

Fig. 2. Some example images. The first column is original image, the second column
is the detection result using a small threshold, the third column is the detection re-
sult using a high threshold and the fourth cloumn is detection result by our adaptive
threshold. The white regions denotes the detected skin regions.
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Fig. 3. Each block contains 16 pixels. If we consider each block as a ”pixel” in ”block
domain image”, the block domain image’s size is only 1

16 to that of original image.

adaptively select the most appropriate threshold for each image. Although both
our detector and Phung’s use similar adaptive methods, the difference of their
accuracy are mainly due to the features they used, which we further explore in
experiment B. We give two skin detection results in Fig. 2, which also clearly
demonstrated the effectiveness of the adaptive threshold selection mechanism.
In terms of computational speed, the average speed of ours is nearly doubled
compared with Jones’s method and is almost 6 times as fast as that of Phung’s
method. The gain of speed can be attributed to three facts. First, our approach
works on compressed domain and avoids the time-consuming IDCT. Second, our
method derives color and texture features directly from DCT coefficients. Each
block (16 pixels) needs only 3 multiplication to compute color value and 15 mul-
tiplications and additions to compute texture feature. For further computation
of texture feature of a region consisting of N block, only another N +5 multipli-
cation and 3N + 1 additions are required. Third, each 4 × 4 block is considered
as a whole and as a basic processing unit. Iterative segmentation is performed
on block domain as if on an image whose size is only 1

16 of original image (see
Fig. 3).

4.2 Experiment B

This experiment demonstrates the advantage of using both color and texture
features in our skin detector. The dataset used here including 100 images con-
taining no human skin regions but lion, food, dessert, plant and so on. These
objects share similar color with human skin but differ in texture property. We
compare our skin detection method with Phung’s [8], because these two method
adopt similar adaptive mechanism but different features: Phung’s method only
consider the color feature of each pixel while ours takes into account both color
and texture of each image block. Fig. 4 lists some detection results. These ex-
amples clearly shows jointly consideration of color and texture property can
significantly decease FP in these images. We note here this is very important
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Fig. 4. Skin detection results. Images in the top row are original images, images in
middle row are detection results by Phung’s method, and images in bottom row are
our results. The white regions denotes the detected skin regions.

for our adult web image filtering application, because when these images are
detected as containing large skin regions they will more likely be classified as
adult images.

5 Conclusion and Future Works

In this paper, we focus on improving the accuracy and speed of skin detection
in JPEG compressed images. To speed up detection, our skin detector works on
JPEG compressed domain and directly derives color and texture features from
DCT coefficients, thus circumvents the computational expensive inverse Discrete
Cosine Transform operation. To improve accuracy, we jointly consider texture
and color property of human skin region and use an adaptive threshold selection
method the find the optimal threshold for detection. We report experimental re-
sults to demonstrate the high accuracy and low computational complexity of our
approach. In future work, we will integrate the skin detection algorithm with other
techniques to develop a robust content-based adult web image filtering system.
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