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Abstract

The purposeof semantic labeling is to generatehigh level
semantic content descriptions for multimedia content. We
describe several novel pseudo-semantic labeling methods
to organize mobile multimedia content, such as images
and videos, on a hand-held terminal. We have developed
low-complexity techniques to derive labels, including \in-
door/outdo or" and \face/not face", that can be used on
a mobile device. We demonstrate the classi¯cation per-
formance of proposed methods and their computational
complexity using a typical processorusedin many mobile
terminals.

1 In tro duction

With the proliferation of camerasin mobile devicesthat
allow users to capture still imagesand videos, managing
the acquired multimedia content has becomea problem.
Multimedia content on a mobile device can be organized
using time or location, if the device is equipped with a
GPS sensor.However, in many casesusersdesire to clus-
ter images in a way that exploits the actual content of
the image or video. For example,usersmay want to view
images that were taken outside or images that contain
familiar faces. Such functionalit y requires the availabil-
it y of features describing the image content of the images
or videos, i.e., semantic features. A media browsing sys-
tem that would support this functionalit y will have three
components: low-level feature extraction, classi¯cation to
derive the semantic labels, and presentation to user via a
graphical interface. The ¯rst two components will be the
focus of this paper.
True semantic labels such as \y oung girl running", \blue
dress" and \park scene"characterizesan image basedon
its content. This is the classicimage understanding prob-
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lem that has been investigated with marginal successfor
decades. Ideally, such semantic labels might provide the
most useful descriptions for indexing and searching visual
content. Currently , however, automatic extraction of truly
semantic features is a challenging task. Most approaches
in content-based retrieval rely on either low-level models
such ascolor and edges,or domain-speci¯c models like an-
chor shot models in news video. While low-level features
are easyto derive, they do not yield adequateresults for
many applications. Pseudo-semantic labeling bridges the
gap betweenlow-level and truly semantic labels.
In this paper we describe three simple low-complexity
techniquesfor pseudo-semantic labeling and describe a set
of experiments performed on our test imagedatabase. We
will also describe the implementation of these techniques
on a processorusedin many mobile terminals.

2 Indo or/Outdo or Classi¯cation

Someof the earliest work in the area of indoor/outdo or
scenedetection was performed by Picard in [12]. In this
scheme, color histograms and texture features are used
to classify the images. Using 32-bin histograms in the
Ohta color space[10] and the nearest neighbor classi¯ca-
tion rule, a 73.2% image classi¯cation performance was
reported. Using a combination of multi-resolution simul-
taneousautoregressive model (MSAR) for texture features
and the color histograms they achieve an overall classi¯-
cation rate of 90.3%.
Another technique reported in [11] usesa two-stageclassi-
¯cation using two features. Using a support vector ma-
chine (SVM) classi¯er [5], the algorithm independently
classi¯es image sub-partitions according to color in the
LST color space and texture features using wavelet co-
e±cients. The classi¯ed sub-partitions are then used by
the secondstage SVM classi¯er to determine a ¯nal in-
door/outdo or decision. This algorithm achievesan overall
classi¯cation rate of 90.2%on a databaseof 1200images.



The problem with above techniques is that they are com-
putationally complex and in somecasesrequire multiple
passesthrough the imageand thereforeare not suitable to
be implemented on a mobile device.

2.1 Prop osed Metho d

Our approach in developing a lightweight algorithm was
to exploit color characteristics that would be considered
a \t ypical" indoor and outdoor image. A typical outdoor
image is shown in Figure 1 with a large blue sky back-
ground occupying the upper portion of the image. Our
indoor/outdo or label attempts to detect the presenceof
blue sky in the upper portion of the image.

Figure 1: A typical outdoor scenewith blue sky on top.

We examinedthe red, blue, and greencomponents (RGB )
in images to determine what types of correlations could
be usedto label the image. We have found that the mean
and variance of the RGB components do not show any
obvious separation making them unsuitable features for
indoor/outdo or classi¯cation.
We then examined the YCR CB color space. The moti-
vation was to remove dependenciesrelated to the image
brightness,sincebrightnessdoesnot provide any informa-
tion pertaining to indoor outdoor classi¯cation. A scat-
terplot of the meanvaluesof the CR and CB color compo-
nents for the imagesin our databasesis shown in Figure
2, which illustrates the separation for indoor and outdoor
images. These color features will form the basis of our
\indo or/outdo or" label derivation.
From the results shown in Figure 2, the problem is gener-
alized into a two-dimensionallinear classi¯cation problem,
as shown in Figure 3.
Given the clear separation between indoor and outdoor
imagesin terms of CR CB values,the two-dimensionallin-
ear classi¯cation problem is reducedto a one-dimensional
linear classi¯cation problem using a single chrominance
component. The schematic diagram for the proposedal-
gorithm is given in Figure 4. Given an image in the RGB
color space,pixel valuesareconverted to the YCR CB color
space.Then, using only a single chrominance component,
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Figure 2: Scatterplot of the mean values of the CR and
CB color components for the two classes.
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Figure 3: Indoor/Outdo or classi¯cation exploits the sep-
aration in the CR -CB components.
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Figure 4: Proposedindoor outdoor scenedetection.

i.e. CR or CB , the meanvalue of the top X % of the image,
which corresponds to the sky region, is obtained (we will
describe the derivation of the value X below). The mean
is comparedwith a pre-determinedthreshold to obtain the
¯nal indoor/outdo or classi¯cation.



2.2 Image Testb ed

A subsetof imagestaken from our laboratory databaseof
imageswas used for our tests. Images that appeared to
be naturally indoor or outdoor to the casual viewer were
selected. Images that do not distinctly lie in either class
werediscardedfrom the test imagedatabase. Such images
include but are not limited to: spaceimages, computer
generatedimages,hand drawn ¯gures, and maps.

This test image databaseresulted in 400 images,consist-
ing of 200 indoor imagesand 200 outdoor images. Each
image was manually labeled as \indo or" or \outdo or" by
a human subject and the label was independently veri¯ed
by a secondhuman subject. The content of the images
varies widely. Some images do not contain any visible
sky regions. Peopleappearedin both the indoor and out-
door images. Each image in the databaseis a 24-bit RGB
color image, 8 bits per sample for each color component.
The largest image the databasecontains approximately 3
mega-pixels(3 MP). Examplesof \indo or" and \outdo or"
imagesare shown in Figure 5 and Figure 6, respectively.

 

Figure 5: Sample\indo or" imagesfrom the imagetestbed.

 

Figure 6: Sample \outdo or" images from the image
testbed.

2.3 Classi¯cation Results

Considering the meanvalue of CB and CR independently ,
we found that the CR component alone achievesmore ac-
curate classi¯cation than the CB component. In order
to more accurately validate our method, the results were
checked using leave-one-outcross-validation. For each im-
age,the other 399imagesin the imagedatabasewereused
to determine the optimal valuesfor CB T H and CB T H . This
validation was performed using both CR and CB compo-
nents. Also, the fraction of the image that wasconsidered
to be \sky" was varied from 10{50%. The mean value of
the CR component in the top 35% of the image was em-
pirically determined to be optimal for our image set. We
were able to achieve a classi¯cation rate of 85% for our
test database.

3 Face Detection

The goal of facedetection is to determine whether a given
image contains a faceand derive a suitable label.

3.1 Previous Work

The work presented in [4, 13] uses a Gaussian mixture
model to detect skin, perform unsupervisedsegmentation,
and iterativ ely merges\skin-lik e" regions to detect faces.
Recursive steps, involving histogram analysis, are usedto
extract skin-color distribution in [8]. Skin patchesare de-
tected basedon color information, and facecandidatesare
generated based on the spatial arrangement of the skin
patchesin [7]. The facedetection work in [6] determined
\skin-lik e" pixels to behighly correlated in the CR and CB

components and less dependent upon the Y component.
They proposeda skin color model which is not dependent
upon illumination or relative lightness/darkness of skin-
tone. This clustering in the CR and CB components is
illustrated in Figure 7.

Figure 7: \Skin-lik e" pixels are highly correlated in the
Cr =Cb color space.



3.1.1 Skin Detection

The ¯rst step in our face detection approach is to create
a binary mask of the original image for \skin-lik e" pixels.
Our method for detecting \skin-lik e" pixels is similar to
the method described in [6], where thresholds are deter-
mined empirically for ¯nding skin pixels in the H SV and
YCR CB color spaces. Similar performance was reported
for both color spaces,but our results show slightly better
performancefor the YCR CB color space.
In order to create the binary mask, ¯rst the original RGB
image is converted to a YCR CB image. The CR CB com-
ponents of the pixel valuesarethen thresholdedand a pixel
is consideredto be \skin-lik e" if it satis¯es the following
constraints:

CR ¸ ¡ 2(CB + 24); (1)

CR ¸ ¡ 4(CB + 32);

CR ¸ ¡ (CB + 17);

CR ¸ 2:5(CB + µ1);

CR ¸ µ3;

CR ¸ 0:5(µ4 ¡ CB );

CR ·
220¡ CB

6
;

CR ·
4
3

(µ2 ¡ CB );

where the constants µ1; µ2; µ3; µ4 are given by

for Y > 128 (2)

µ1 = ¡ 2 +
2 ¡ Y

16
;

µ2 = 20¡
256¡ Y

16
;

µ3 = 6;

µ4 = ¡ 8;

for Y · 128

µ1 = 6;

µ2 = 12;

µ3 = 2 +
Y
32

;

µ4 = ¡ 16
Y
16

:

3.1.2 Blo ck Lev el Pro cessing

For faster processing,the binary mask after skin detection
is subsampledinto 16£ 16 blocks. Sincewe are interested
in regions containing \skin-lik e" pixels with a 3 £ 3 min-
imum block size, this downsampling of the binary image
doesnot a®ectour overall results. A 3£ 3 median ¯lter is
usedon the binary mask image to remove noise.

3.1.3 Face Template Matc hing

Our algorithm attempts to match a \t ypical face" using
a pre-de¯ned template, similar to the method described
in [14]. We de¯ne a typical face as a region of skin pixels
with the left, top, and right sides consisting of non-skin
pixels. For example, a face in an image would be sur-
rounded by non-skin pixels, such as hair or background.
This concept is illustrated in Figure 8. In this ¯gure, the
face, which consists of skin-pixels, is represented by the
non-shadedarea. The shadedarea surrounding the face
represents non-skin pixels.

Figure 8: A template usedto ¯nd facesin images. A face
is assumedto be a skin region surrounded by a non-skin
region.

If the fraction of pixels in the face area, that are skin,
exceedsthe threshold TF A and if fraction of pixels in the
faceborder area, that are non-skin, exceedsthe threshold
TF B then the area is a candidate face region.
An aspect ratio of 1.75 is used for the rectangles of the
face template similar to [14]. The smallest size face that
we attempt to detect is 48£ 48pixels (3£ 3) blocks and the
maximum sizeis the sizeof the image. The face template
is moved acrossthe image, and if the thresholds TF A and
TF B are satis¯ed, the region bounded by the template is
a candidate face region. These thresholds can be easily
determined by counting the number of onesin the binary
mask image, and henceit is a low complexity procedure.

3.1.4 Face/Not Face Decision

The ¯nal face/not faceclassi¯cation is basedon the num-
ber of candidate face regions present in the image. This
approach is motivated by the observation that faceimages
contained a large number of candidate face regions(often
more than 100) and non-faceimagescontained few candi-
date faceregions(often lessthan 10). If an imagecontains
a face,many candidate faceregionsexist dependingon the
sizeand position of the candidate faceregion. The facede-
tection algorithm is outlined in Figure 9 with an example
face.
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Figure 9: Outline of our proposedfacedetection method.

3.2 Image Testb ed

To test the performanceof our facedetection algorithm, a
human subject manually labeled each image from the 400
image database,described above, as \face" or \not face',
and a secondhuman subject independently veri¯ed the as
\face" or \not face". Of the 400, 26.5% of the images
(106) were labeled as \face" and the remaining 73.5% of
the images(294) were labeled as \not face". Examples of
\face" and \not face" imagesare shown in Figure 10 and
Figure 11, respectively.

Figure 10: Sample\face" imagesfrom the image test set.

3.3 Classi¯cation Results

We empirically determined the optimum thresholds TF A

as0.8and TF B as0.7 for our database.Using thesethresh-
olds we were able to achieve a classi¯cation rate of 81%.
A correct \face" classi¯cation is shown in Figure 12.
\Skin-lik e" pixels aresegmented from the background, and
facetemplate is usedto determine the faceregions. In Fig-
ure 13, the building color is similar to skin color, and skin
detection step results in a binary mask with many \skin-
like" pixels. But the thresholds for the face template are

Figure 11: Sample\not face" imagesfrom the image test
set.

not satis¯ed and there areno candidate faceregions,which
results in a correct \not face" classi¯cation. Skin detec-
tion eliminates most of the regionsin Figure 14, and this is
a correct \not face" classi¯cation. But, in Figure 15 most
of the regions in the image have \skin-lik e" pixels, and
the actual face region is mergedwith the background. As
a result, the face template is not able to ¯nd \non-skin"
border resulting in an incorrect \not face" classi¯cation.
Another example is shown in Figure 16. Here skin like
regions that correspond to the hand in the image are de-
tected correctly. But the thresholds for the face template
are also satis¯ed, and this results in an incorrect \face"
classi¯cation.

Original Image YCrCb Binary Mask

Macroblock Binary MaskCandidate Face Regions

Figure 12: Correct \face" classi¯cation.

4 Blur Detection

Recent work in the area of image blur measurement has
suggestedthe use of a simple Sobel gradient ¯lter to en-
hance image edgesfollowed by determining the widths of
the edgescan be used as an objective measureof image
blur [9]. The simple concepthere is that an image is more
likely to be perceived as a \blurry" if it doesnot contain
wide edges.
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Figure 13: Correct \not face" classi¯cation.
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Figure 14: Correct \not face" classi¯cation.
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Figure 15: Incorrect \not face" classi¯cation.

4.1 Prop osed Metho d

Our proposedmethod for blur detection is outlined in Fig-
ure 17.
Based on the work in [9], a simple version of the Sobel
gradient can be used to distinguish between blurry and
sharp images. The vertical Sobel ¯lter is given by

h =
1
8

2

4
¡ 1 ¡ 2 ¡ 1
0 0 0
1 2 1

3

5 : (3)

If xs denotesthe output of the Sobel ¯lter, where xsij 2
bf 0; 1g then the degreeof blur of an M £ N image is de-
termined by

Original Image YCrCb Binary Mask

Macroblock Binary MaskCandidate Face Regions

Figure 16: Incorrect \face" classi¯cation.
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Figure 17: Outline of blur detection method.

S =
NX

i =1

MX

j =1

xsij : (4)

If S · T, where T is a threshold for blurry images, the
image can be labeled as \blurry". Otherwise if S > T,
the imagecan be labeledas \not blurry". The lafayette18
imageis shown in Figure 18(a) (Y component). The e®ects
of applying a Sobel ¯lter is shown in Figure 18(b). The
e®ectsof applying a 10 £ 10 Gaussian ¯lter with ¾ = 3
and ¾ = 5 and applying the Sobel ¯lter are shown in
Figures 18(c) and 18(d).

A small set of blurry images were created by randomly
choosing imagesfrom our databaseand applying a Gaus-
sian blurring ¯lter. The sizeof the ¯lter wasset to 10£ 10
and the standard deviation ¾ranged from 1{10. The out-
put S for several imageswith varying ¾is shown in Table
1.

Image normal ¾ = 1 ¾ = 3 ¾ = 5 ¾ = 7 ¾ = 9
lafa yette18 25662 12219 469 69 0 0
lafa yette28 19948 8171 173 0 0 0

tv13 26704 15540 808 156 67 56
thomson 21628 11904 984 48 32 29

bird4 12190 5813 389 138 64 38
bird3 6630 3101 133 48 32 30

Table 1: S is related to the degreeof blur in the original
image. Results for 6 images(Y component) after di®erent
levels of blurring.



(a) Original image

(b) After Sobel ¯lter without
Gaussian blur

(c) After Sobel ¯lter with
Gaussian blur ¾= 3

(d) After Sobel ¯lter with
Gaussian blur ¾= 5

Figure 18: The magnitude of the mask decreasessigni¯-
cantly as the blur increases.

5 Target Platform

The goal of this work was to achieve a reasonableclassi-
¯cation rate and also be able to label images on mobile
deviceswithout any o²ine computing. The target plat-
form we usedto test our algorithms was a Compaq iPAQ
H3970 handheld PDA. The metric we chose to evaluate
the complexity of our algorithms was execution time on
the handheld PDA. This was motivated by the fact that
execution time directly relates to the power consumption
of the mobile device,and alsothat userwould expect these
algorithms to be executed as fast as possible. The tar-
get handheld contains an Intel XScalePXA250 processor,
running at 400MHz, which is basedon the ARM architec-
ture [1], and lacks °oating point hardware unit. For mem-
ory, it has 32 MB of °ash-ROM and 64 MB of SDRAM.
The original Microsoft PocketPC operating systemwasre-
moved and Familiar Linux v0.72 [2] wasinstalled, which is
a Linux distribution targeted for the iPAQ seriesof PDAs.
The ¯nal implementation of each algorithm waswritten in
C/C++. C/C++ implementations were developed on a
PC running RedHat Linux v9.0. The programswerecom-
piled using GCC and the G++ ARM cross-compiler [3]
running on the PC.
The execution time for the \indo or/outdo or" and
\face/not face" labels on the Compaq iPAQ H3970 and
the classi¯cation rates are shown in Table 2. Our over-
all goals as described in the Intro duction were obtained
except we need to further optimize the \face/not face"
labeling algorithm.

Execution Classi¯cationLab el Input
Time (s) rate

Indo or/Outdo or 1MP PPM Image 1 85%
Face/Not face 1MP PPM Image 3 81%

Table 2: Execution time on Compaq iPAQ H3970 hand-
held PDA, and classi¯cation rate.

6 Conclusions

In this paper, we examinedthree di®erent semantic classi-
¯cation problems: \indo or/outdo or", \face/not face", and
image blur detection. We developed very lightweight al-
gorithms to perform the labeling with relatively good per-
formanceon a databaseof 400 images.
We are currently re¯ning our methods with respect to
classi¯cation performanceand computational complexity.
We are also extending these techniques to label video se-
quences.
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