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ABSTRACT 
Face detection is important in many algorithms in the areas of 
machine object recognition and pattern recognition. The 
kaleidoscope of applications for face detection extends across 
automatic image and home video content annotation, face-image 
stabilisation and face recognition systems. By using information 
derived from colour, luminosity and frequency the face detection 
algorithm proposed in this paper aims to determine the location 
of multiple frontal and non-frontal faces in compressed MPEG-
1, MPEG-2 video or JPEG image content. The described 
algorithm requires only low computational resources on CE 
devices and offers at one and the same time extremely high 
detection rates. 

1. INTRODUCTION 
Face detection may be defined as the identification of faces in 
image or video content. It may or may not encompass face 
localization, that is, the identification of the exact location of 
faces in the content. It may be seen as the initial step to, but 
should not be mistaken for, face recognition, i.e. the 
identification of particular persons and their expressions based 
on their facial parameters. When performed in the compressed 
domain, face detection uses data available of compressed images 
and video streams, needing only little decompression (the bare 
minimum necessary to retrieve necessary data from the 
compressed streams). Compared to pixel domain based 
algorithms this approach opens the way to faster and, in terms of 
processing power and computational complexity, cheaper 
solutions yielding equally good results.  
Although the subject of face detection has been addressed 
intensively in the multimedia community, little work has been 
done to address the problem of face detection in the compressed 
domain. In [1], Wang and Chang proposed face region detection 
in MPEG video sequences using Discrete Cosine Transformation 
(DCT) coefficients of MPEG video as input. Faces are then 
detected based on their colour and shape properties. Frequency 
information provided by AC coefficients is then used to reduce 
the number of false detections. In [2], Luo and Eleftheriadis 
proposed face detection using DCT coefficients based on both 
colour and texture information. The processing of colour 
information is similar to that done in [1]. Statistical model 
training and detection formed the bases for texture analysis. In 
[3], Zhao et al. proposed a DCT-based system that allows the 
extraction, tracking and grouping of face sequences in MPEG 
video. 
The face detection algorithm proposed in this paper performs the 
detection in the compressed domain and can be used to detect 
multiple faces in DCT compressed I-frames in MPEG-1 or 
MPEG-2 video streams and on DCT compressed JPEG images. 
Faces are detected based on colour, luminosity and frequency 
information. The proposed approach allows for an extremely 
robust solution regarding the detection of faces in the 
compressed domain, by combining techniques from existing 
pixel domain based algorithms and some original techniques. 
Besides, the algorithm’s computational complexity is extremely 

low being adequate for implementation and usage in stationary 
and even mobile consumer electronic devices with low 
computational resources. 
The organization of this paper is as follows: the next section 
describes the proposed face detection algorithm; Section 3 
evaluates the algorithm’s computational complexity; in Section 4 
performance tests on the proposed algorithm are described along 
with their results; the paper concludes with Section 5. 

2. THE FACE DETECTION ALGORITHM 
To detect faces the algorithm uses a heuristic approach, i.e., uses 
knowledge about typical human faces, their facial features and 
the relationship between them. The block diagram in Figure 1 
represents an overview of the face detector’s architecture.  

 
Figure 1 - Face detector algorithm architecture. 

The face detector’s input corresponds to some AC coefficients 
and all DC coefficients taken from the compressed image where 
detection is to be performed. A DC colour image is built, in 
which each three-component colour pixel corresponds to an 
entire block in the compressed image, represented by its DC 
value for each of the three colour components. This DC image’s 
resolution is therefore reduced by 64 compared to the original 
image’s resolution (8 times horizontally and vertically). 

2.1 Contrast Adjustment 
In order to make the face detection algorithm as robust and 
independent as possible of the image or video capturing 
conditions, automatic contrast adjustment is applied to each 
input DC image. This contrast adjustment process consists 
simply on a histogram equalization operation applied on the 
luminosity component of the image aiming to enhance the 
image’s luminosity component’s contrast dynamic range by 
flattening its intensity histogram. Figure 2 (a) and (b) illustrate 
an example of the input and output of the contrast adjustment 
operation. 
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Figure 2 - (a) Original image’s luminance component,  (b) after automatic contrast adjustment; (c) DC colour image after contrast adjustment (similar 
to that in (b) if print out in black and white) (d) after skin colour segmentation, (e) after binary closing and hole filling and (f) the two main regions 

identified in the binary image. 

2.2 Skin Colour Regions Identification 
Assuming that all potential faces are represented by patches of 
skin colour regions, image segmentation will immediately allow 
to discard most of the irrelevant information thus providing the 
first separation between regions of interest and those where no 
faces are expected to be found. Skin colour segmentation is 
applied on the DC colour image resulting from the contrast 
adjustment stage, by determining the Mahalanobis distance [3, 4] 
between each pixel’s value in the DC image and a skin colour 
model built from the statistical properties of a large set of 
manually segmented faces. Pixels in the DC image for which the 
Mahalanobis distance is under the empirically determined 
threshold of 25 are declared to be skin colour pixels. The skin 
colour model is represented in the normalized RGB colour space 
since under this colour space skin colours form a compact cluster 
that can be approximated to a Gaussian distribution [6]. Besides, 
being a purely chromatic colour space, brightness will not 
influence the representation of colours [6]. This colour space 
was previously used on face detection and face tracking 
algorithms with good results (see [7] and [8]). Figure 2 (d) 
illustrates the result of the skin colour segmentation of the image 
in Figure 2 (c). 
Afterwards, a binary closing operation with a 3×3 square 
structuring element followed by a hole filling operation are 
applied on the binary image resulting from the segmentation 
stage, ensuring that in most cases a face is completely covered 
by a binary mask, without any holes in it. The result of this 
processing stage is illustrated in Figure 2 (e). An algorithm for 
labelling of binary connected regions is then applied in order to 
identify connected regions in the image. The same technique was 
applied, for example, in [9] before searching for facial features. 
The result of this stage is illustrated in Figure 2 (f). Each one of 
the connected regions identified in the skin colour binary image 
forms the input for the next steps and is independently evaluated. 
In this way, faces present in each one of these regions can be 
located and thus, multiple faces can be detected in each image. 
2.3 Feature Map Construction 
It is known that among all facial features, the eyes/eyebrows and 
the mouth are the most prominent for facial detection, 
recognition and pose estimation [4, 8, 9]. Regions on and around 
the eyes, eyebrows and mouth are usually darker than 
surrounding areas and have a high vertical variance in their 
neighbourhood when compared to other parts of the face, e.g., 
cheeks or forehead. In order to explore these properties a feature 
map is built for each input image. 
Greyscale Image Processing 
Facial features’ brightness properties are explored by computing 
greyscale dilated and eroded images from the contrast adjusted 
luminosity component of the input image. This stage 
corresponds to the greyscale processing stage indicated in the 
algorithm’s architecture illustrated before. Greyscale dilation 
enhances the presence of bright regions in the image; the effect 
of this operator is the dilation of brighter regions that will grow 
in area over small darker regions. On the contrary, greyscale 
erosion enhances the presence of darker regions in the image; 

darker regions will grow or dilate while small bright regions will 
shrink. Using either of these two operators, large bright and dark 
regions remain approximately the same. Both operators are 
applied independently on the luminance component of the image 
that resulted from the contrast adjustment stage. The operators 
are applied only on the pixels identified as skin colour pixels in 
the skin colour segmentation stage. The result of these operators 
is illustrated in Figure 3 (b) and (c) for the example face image 
in Figure 3 (a) (note that this face image is not the result of any 
of the processing stages described, but rather an example that 
helps illustrate the effect of these operators). 
AC Energy Map Construction 
On the other hand, facial features’ variance properties are 
explored using frequency information provided by AC 
coefficients. It is known that specific sets of DCT AC 
coefficients represent certain directional variations in the images. 
The sets of AC coefficients used in the face detection algorithm 
proposed were used in [11] to detect text captions in the 
compressed video domain. It can be shown that, for a given 
block in the image, the values of the set of AC coefficients 
represented in Figure 4 (a) will be high if there is a strong 
vertical variance in that block while the values in the set 
represented in Figure 4 (b) will be high if there is a strong 
horizontal and diagonal variance. An AC energy map consists of 
a matrix in which each position corresponds to a block in the 
compressed image and where each position’s value corresponds 
to the squared sum of the specified AC coefficients’ values. The 
input to this processing stage is a specific set of AC coefficients 
retrieved from the compressed image. The vertical AC energy 
map, illustrated in Figure 5 (a) is built from the AC coefficients 
indicated in Figure 4 (a) while the horizontal AC energy map, 
illustrated in Figure 5 (b) is built from the coefficients indicated 
in Figure 4 (b). In [3], AC coefficients are also used to build 
feature maps. 
Feature Map Construction 
The feature map is built calculating for each position in the 
feature map matrix the following value 

( ) ( )
( )

( )
( ) 1,energymaphorizontal

1,ergymapverticalen
1,eroded

,dilated,featuremap
+
+

⋅
+

=
yx

yx
yx

yxyx  (1). 

The first fraction in equation (1) enhances dark locations 
surrounded by bright areas (a similar equation is used in [5] to 
determine the location of the eyes in uncompressed images). The 
second fraction enhances regions with a high vertical variance 
and with a low horizontal variance thus highlighting the presence 
of facial features (e.g., eyes, eyebrows, mouths) and de-
emphasizing locations like the sides of the face that may have 
high horizontal variance. The use of AC coefficients information 
to build feature maps where the location of facial features is 
enhanced is original. The ‘+1’ factors in the denominator of each 
fraction prevent that a division by zero occurs. The ‘+1’ factor in 
the numerator of the second fraction allows that, in case all AC 
coefficients for the considered sets are zero (due to a high 
quantization step used to compress the input image), a feature 
map can still be generated. Figure 6 illustrates the feature map 
built for the face image illustrated in Figure 3 (a). 
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(a) (b) (c) (a) (b) (a) (b) 

Figure 3 - (a) Face image example, (b) after 
greyscale dilation and (c) erosion. 

Figure 4 - Set of AC coefficients for (a) vertical 
and (b) horizontal and diagonal variance. 

Figure 5 - (a) Vertical and (b) horizontal AC 
energy maps for the face image in Figure 3 (a). 

2.4 Face Candidates Generation and Ranking 
Facial Features Localization 
In order to determine the location of faces that may exist in each 
skin colour region identified previously (output of Section 2.2), 
the location of facial features is first determined. Facial features 
are identified directly from the feature map simply by projecting 
its values on vertical and horizontal axis (this technique was also 
used in [9]). This projection is done within the bounding boxes 
of each skin colour region identified previously, e.g. Figure 2 (f). 
On the right of the feature map in Figure 6 (b), a plot illustrates 
the resulting horizontal projection on a vertical axis - as it can be 
easily seen, the most prominent maxima appear in the rows 
around the eyes and mouth and smaller local maxima appear in 
other locations of the face (eyebrows, nose and chin regions). 
After determining maxima in the horizontal projection, the 
vertical projection for each of the rows corresponding to these 
maxima is then determined. In the figure, the vertical projection 
for the row where the maximum corresponding to the eyes was 
located is illustrated below the feature map - most prominent 
maxima appear in the positions corresponding to the left and 
right eyes.  
Face Candidates Generation 
Face candidates representing possible locations of faces in the 
image can now be determined for each skin colour region. These 
candidates are generated based on the location of the features 
indicated in Table 1, according to a model of typical frontal and 
rotated (since vertical relations also apply) human faces 
illustrated in Figure 7. When generating face candidates based 
on the position of the mouth, an estimate of its centre must be 
provided. Multiple face candidates may therefore be generated 
for each independent skin colour region. It may happen that the 
face candidates are generated based on maxima locations that do 
not correspond, in the feature map, to the features being 
considered (eyes, eyebrows and mouth). In this case, it is likely 
that they do not represent well a face that may exist in the image. 
For that reason, face candidates are ranked by computing a 
relevance value to determine which best represents a face. The 
relevance value of face candidates of type A or B (Table 1), is 
determined as 
 esa pppr ++=  (2) 

The relevance value of each face candidate of type C or D, is 
determined as 

 msa pppr ++=  (3) 

In the two previous equations, pa represents the face candidate’s 
area, ps represents the face candidate’s skin colour percentage, pe 

represents the face candidate’s eyes/eyebrows intensity in the 
feature map and pm represents the face candidate’s mouth 
intensity; pa, pe and pm are normalized in respect to the highest 
values found for each of these parameters in all face candidates. 
This face candidate generation and ranking procedure is original. 
After computing the relevance of all generated face candidates 
for each individual skin colour region, the best face candidate is 
determined by choosing the face candidate with the highest 
relevance for each individual skin colour region - multiple faces 
can thus be detected. 

3. COMPUTATIONAL COMPLEXITY 
In order to determine the algorithm’s computational complexity, 
i.e., the required number of instructions per second, the face 
detection algorithm is considered to be applied on an ARM-9 
based platform, performing real-time detection on an MPEG-2 
video sequence, with a frame rate of 25 frames per second and a 
GOP size of 6; in this case, since face detection can only act on 
the I-frames, the actual frame rate where the algorithm will be 
applied corresponds to the I-frame rate (i.e., 4.17 frame per 
second). The algorithm’s computational complexity, measured in 
millions of instructions per second (MIPS) and in millions of 
cycles per second (Mcycles/sec) is indicated in Table 2 - the 
algorithm uses less than 10% of an ARM-9 processor’s capacity. 

4. TESTS AND RESULTS 
The face detection algorithm was tested on two home video 
sequences, one indoors and another outdoors. Both sequences 
were encoded in MPEG-2 with a GOP size of 6. The sequences 
were captured under difficult and heterogeneous light conditions. 
The subjects were recorded with frontal and non-frontal poses 
and with different facial expressions, a variety of hairstyles and 
some of the subjects had beard and glasses. A face is considered 
to be detectable if it is tilted below an angle of ±20 degrees, 
rotated below an angle of ±80 degrees and if most of the face’s 
colour corresponds to skin colour. Detectable faces are further 
classified according to the following criteria: 
• A frontal face (FF) is considered as such if it is in the upright 

position, tilted up to a maximum of ±10 degrees, with a 
maximum pose rotation of ±15 degrees, and all its facial 
features are completely visible in the image.  

• Non-frontal faces (NFF) are all non frontal faces considered 
to be detectable;  

• Occluded faces (OF) are any faces considered to be 
detectable, with more than 50% of occlusion or any faces 
where one or more facial features are not visible but would be 
if the face was not occluded. 

  

Type Facial features’ locations 
A Left and right eyes’ horizontal and vertical 
B Left and right eyebrows’ horizontal and vertical 
C Eyes’ vertical and mouth centroid’s horizontal and vertical 
D Eyebrows’ vertical and mouth centroid’s horizontal and vertical  

Figure 6 - Feature map for the image in Figure 3 
(a) and horizontal and vertical projections. 

Figure 7 - Face model. Table 1 - Types of face candidates and facial features from which they were 
generated. 
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In order to evaluate the algorithm’s performance, face detection 
was performed on the 736 I-frames of the indoors video sequence 
and on the 541 I-frames of the outdoors video sequence. All 
detection results were manually annotated and classified among 
one of the following classes: 
• A correct detection (CD) is considered if the bounding box 

encloses completely all visible facial features in a face: one 
eye if only one eye is visible or two eyes if both are visible and 
always the mouth (if visible); Figure 8 illustrates examples of 
correct detections; 

• A wrong detection (WD) is considered when the bounding 
box does not satisfy the previous condition but covers 
approximately half of the face; 

• A false detection (FD) is considered when the bounding box 
does not satisfy any of the two previous conditions; 

• A missed face (MF) is considered when it appears in the 
image, is detectable and is not under the bounding box of a 
correct or wrong detection; 

All the angles referred in the previous classifications, were 
empirically determined. To evaluate the algorithm’s 
performance, the metric recall is defined, expressing the ratio of 
correct detections against the number of correct, wrong and 
missed detections, 

 
missedwrongcorrect

correctrecall
++

=  (4) 

Table 3 and Table 4 indicate the detection results for each type of 
face (frontal, non-frontal and occluded) and the number of false 
detections for the indoors and outdoors home video sequence, 
respectively. The test sequences used were considered to be 
representative of the application scenarios for which the 
proposed algorithms were developed. In order to assess the 
algorithm’s performance under other application scenarios, 
further testing would naturally be necessary on representative 
video sequences (e.g., news videos). 

5. CONCLUSIONS 
A wide variety of techniques have been proposed among the vast 
number of publications in the subject of face detection. However, 
few techniques address the problem of real-time detection of 
faces in the compressed domain. The face detection algorithm 
proposed in this paper attempts to detect multiple frontal and 
non-frontal faces in images directly in the compressed domain. 
The algorithm’s computational complexity was analysed and 
found to be extremely low being adequate to be implemented in 
devices with low computational resources - it uses less than 10% 
of an ARM-9 processor’s capacity. Using a strict detection 
criterion when classifying correctly detected faces, the face 
detector achieved high detection rates detecting frontal faces in 
both indoors and outdoors video sequences (80% and 95%).  
It was also able to detect non-frontal faces with a pose rotation of 
up to 90 degrees with a detection rate of 61% and 71%.  

In conclusion, the novelty of the face detection algorithm here 
proposed lays in the modular combination of existing pixel 
domain techniques, adapted to the purpose of face detection in 
compressed domain, with some original techniques. Original 
techniques such as face candidates generation and ranking - 
allowing for a flexible and computationally cheap way to detect 
multiple faces - add up to an algorithm that is simultaneously 
modular, robust and computationally cheap, when compared to 
existing solutions. 
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Resolution MIPS Mcycles/sec 
PAL D1 7.53 20.95 

VGA 5.58 15.52 
SIF 1.53 4.27  

 CD WD MF Total Recall FD 
FF 147 35 1 183 0.80 

NFF 70 28 17 115 0.61 
OF 12 19 6 37 0.32 

- 

Total 229 82 24 335 0.68 68 

 CD WD MF Total Recall FD 
FF 113 4 2 119 0.95 

NFF 17 6 1 24 0.71 
OF 4 5 7 16 0.25 

- 

Total 134 15 10 159 0.84 34  
Table 2 - Algorithm’s complexity

for different frame resolutions. 
Table 3 - Detection results for the indoors video 

sequence. 
Table 4 - Detection results for the outdoors video 

sequence. 

 
Figure 8 - Examples of correctly detected faces. 

2018


	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Pedro Fonseca
	Jan Nesvadba



