






























































CHAPTER 2. LITERATURE REVIEW: TRACKING AND SEGMENTING HUMANS

frame.

Khan and Shah [37] use a background model consisting of the mean and covariance of colour
values observed at each pixel, and construct a Gaussian mixture to model the colour classes
of a person entering the scene. The mixture models corresponding to the peoples’ colour
distributions are updated when people are not involved in an occlusion and are used to segment
each person from the background as well as to decide which person is which during an occlusion.
This is done by assigning each pixel to the class which produces the maximum o posteriori
probability for the models.

Friedman and Russell [18] use a probabilistic approach to model a single pixel’s appearance
when it forms part of different classes, as an attempt to solve the shadowing problem encoun-
tered when modelling the background simply with its mean and covariance at each pixel. The
segmentation is applied to sequences of moving vehicles for traffic surveillance purposes. Each
pixel in this model is background for some of the time, in shadow for some of the time, and
for the remaining time forms part of a moving foreground object. The pixel’s appearance over
time is therefore a weighted sum of three distributions and can be modelled as a mixture of
Gaussians with three components, the components being the foreground, shadow and hack-
ground classes. The mixture model is initialised with weak priors and an incremental version
of the EM algorithm is used to update it once new data becomes available. The components
of the model are labelled with the classes to which the Gaussians are assumed to correspond:
the darkest being the shadow component, the one with the largest variance the vehicle class
and the remaining one the background. The pixels are then classified according to the cur-
rent model. This is an example of learning a Gaussian mixture model from incomplete data.

Gaussian mixture modelling is discussed in greater detail in chapter 4.

2.2 Segmentation techniques which make use of stereo

Another real-time system? developed at the University of Maryland, W*S [23] makes no use
of colour either for segmentation or for tracking. Instead, it makes use of intensity images
and disparity images obtained through a stereo vision system. The system is intended for use
with a stationary camera, but is able to track multiple people through occlusions and other
interactions through the use of stereo analysis. The background is modelled in the same way
in the intensity image and in the disparity image obtained through the stereo analysis module.
Each pixel is modelled by the maximum and minimum values appearing over a period of time,
as well as the maximum change observed between successive frames. These values are updated
for pixels which are identified as background.

W48 operates at between 5 and 20 frames » second depending upon how many people are present in the
scene.



2.3. GRADIENT-BASED METHODS

Foreground regions are obtained by thresholding both the intensity and disparity images where
they differ from the background model. This is followed by noise cleaning and morphological
filtering before the objects detected in the two images are resolved. Detected objects are
matched to existing objects using shape analysis, template matching and spatial occupancy
by testing the overlap between the predicted positions and the locations of the objects. Motion

models are used to predict the location of objects in successive frames.

The use of stereo as well as intensity helps to eliminate problems which occur in only the one
or the other image type. The segmentation of the disparity image is insensitive to short term
illumination changes and shadowing and keeps foreground regions intact, whereas the intensity
segmentation is more efficient if there is not enough texture in the background to produce a
reliable disparity image and provides a more accurate silhouette outline of the foreground
object.

Darrell et al. [11] {Interval Research Corporation) combine stereo, colour and face detection.
They also make the distinction between short term, medium term and long term tracking, using
more persistent features such as face pattern for long term tracking and position and velocity
for short term tracking. Depth estimation is used for segmentation, colour segmentation fo
detect skin in the segmented regions and to model clothing colours and intensity pattern
classification to detect faces.

Researchers at Microsoft [41] likewise use stereo to locate people and colour to identify them.
The system works at 3.5Hz. A person’s colour identity is maintained through use of a his-
togram and histogram intersection [5] is used to calculate the similarity between histograms
obtained from the segmented image and stored histograms. A person creation/deletion zone

is constructed, representing valid routes of entering and leaving the room.

2.3 Gradient-based methods

The methods discussed in this section are generally based only on spatial gradient information.
Although methods based on motion estimation make use of spatial gradient information they

are discussed under motion segmentation in section 2.4.

Segmentation

Bichsel [4] [3] uses simply-connectedness of an object and the approximation that local image
derivatives within textured regions and along cobjiect contours show a Laplacian distribution,
to segment moving objects. The spatial derivative of the brightness of the image is calculated

for each point in the image. The difference image between two successive gradient images
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CHAPTER 2. LITERATURE REVIEW: TRACKING AND SEGMENTING HUMANS

is formed and the distribution should remain Laplacian, especially along the contours of the
moving object. The logarithmic local probability that a pixel belongs to the background, given
that at least one neighbouring pixel belongs to the background, is calculated for every pixel.
The local background probability is then optimised using global information, incorporating

the simply-connectedness of the background.

Westberg [82] also uses edge-based segmentation. A single simply connected moving object
without holes is also assumed to be present in the scene in this case. He performs a hierarchical
segmentation based on the refinement of object boundaries. The difference image is used in
this method, and divided into blocks which are classified as inside the object, outside the
object or object boundaries. Each block is then split into smaller child blocks. The children
of a block that has been classified as inside or outside are automatically classified the same as
the parent, but the child blocks of boundary blocks are reclassified.

This process applied iteratively breaks the image down to blocks which are pixel-sized and
every pixel is clagsified as inside, outside or border, where between an innermost outside pixel
and an outermost inside pixel there is one pixel that has been classed as a border pixel. This
is obviously used for a segmentation whereby the object consists of the border pixels and all

the pixels classed as inside pixels.

Jabri, Duric and Wechsler in [34] present good segmentation results using a combination of
background differencing and edge information. A background model is built for each colour
channel and for the horizontal and vertical edges of the background image. Subtraction is
performed for each of these models and a confidence normalisation procedure is used to create
a confidence map between two thresholds for each changed region. The maximum for each
pixel between the edge difference confidence map and the colour difference confidence map is
then chosen and thresholded to segment the foreground object. The use of the edge difference
image makes this a robust algorithm in clutter, although its efficacy seems to rather depend
upon edges being present in either the foreground, background or both. However since it
is combined with a colour difference image, presumably in the absence of clutter the colour

difference image would perform reliably encugh to compensate for this.

Tracking

Huttenlocher et al. [29] use a two dimensional model to track. The models are shape and
motion, 8o an important constraint is that the object’s shape not change radically between
frames. The location of the object is not constrained. The object model and image in which
it is searched for are binary images (which are edges detected using the Canny edge detec-
tor). First stationary background edges are removed from the image, then the best matching
position is found for the model from the previous frame using a partial directed Hausdorfl
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2.4. MOTION SEGMENTATION

distance measure. Ambiguities are resolved by using the direction of motion. The new model
is selected by using the pixels of the frame that are within a threshold distance, ¢ of the

translated model of the previous frame.

The method used in [5] for tracking heads in a video sequence combines the outputs of two
different and complementary modules. The gradient of the intensity along the border of a
region and the colour histogram of the interior of the object are used to this end. The head
shape is modelled by an ellipse with a fixed aspect ratio and tracking is done by finding
the region where the values of the image best match the model values. The search for the
head is done within range of the predicted location calculated using a velocity estimate. The
normalised sum of the perpendicular gradient magnitudes around the perimeter of the ellipse
is calculated for each predicted possible ellipse position and axis length. The colour histogram
tracking is initialised by the user presenting his/her face to be modelled before the tracking
begins, and the intersection between the histogram at the hypothesised head position and
the model histogram is calculated for tracking. The goodness of match of the combination of
the two criteria: interior colour and border gradient, is calculated by converting the two into

percentages and seeing at which predicted head location the sum of these is a maximum.

2.4 Motion segmentation

The simplest form of motion segmentation is change detection, performed using two images.
This can be either an image and an empty background image, which should reveal the entire
object, or the difference between two consecutive images, which reveals the small area of
change, space that the object did not occupy in the previous frame and background which
was covered by the object in the previous frame and has become uncovered. Several algorithms
that use image differencing construct an adaptive reference image [36] [65] or use median [68]
or mode [73] filtering in the time domain, so that lighting changes are modelled and the
background image is updated as the foreground image changes. Others use statistical models
and Markov Random fields [1] [79] to refine the image differencing operation. Differencing
operations which are performed on a pixel-wise basis are subject to noise and ideally some of
the global or local spatial data in the image should be taken into account [76] [45] [33].

Motion estimation can be performed either using spatial and temporal gradient-based methods
or feature-based methods, such as points, lines and edges. Gradient methods need additional
constraints and work better for smooth objects as the constraints impose uniform conditions
which increase the error at the boundaries of moving objects. Features are difficult to extract
robustly for feature correspondence establishing techniques, so both methods have disadvan-
tages. Most forms of motion segmentation depend upon the computation of optical flow and

motion estimation between frames of a sequence. These techniques are explained in chapter
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CHAPTER 2. LITERATURE REVIEW: TRACKING AND SEGMENTING HUMANS

2.4.1 Image differencing

The simplest form of change detection is a threshold on the difference image between a frame

and the previous frame, or between the frame and an empty background reference image.

Leung and Yang [44] use the difference of two consecutive images and an adaptive thresholding
technique based on the histogram. Yalamanchili et al. [84] describe a difference picture system
which uses the grey level difference between two consecutive images to extract descriptions of
moving polygonal objects. In [84] the difference image obtained is used as a basis for a region-

growing operation, constrained by geometrical observations, within the region of difference.

Skifstadt and Jain [76] propose two techniques to better previously existing techniques for im-
age differencing. The three existing techniques they describe are first, the “Geo-pixel method”
where regions, rather than pixels, are compared according to the likelihood ratio shown in
equation 2.3. If L exceeds some threshold the two corresponding regions in the successive
images are not considered regions of change.

[(of +03)/2 + ({111 + 12)/2)*
T109

L= (2.3)

Secondly, the “Quadratic Picture Function Model” models the grey level distribution in each
region as a function in order to obtain a difference measure [35]. Thirdly, they describe a grey
scale normalisation technique which normalises the grey values G of a corresponding region
i in images A and B so that the normalised values can be subtracted to allow for lighting
change.

E—g

GNo'rm = 74 (%
(1)

(Galz,y) — pp(i)] + pali) (2.4)

Q

Their improvement on the “Quadratic Picture Function method” is to use the partial deriva-
tives with respect to 2 and y of the quadratic function model for the same region in consecutive
images and subtract these from each other.

The other approach they describe is, like the grey level normalisation, an attempt to account
for illumination changes to extract only moving objects. Each image is split into many sub-
regions and the variance of the ratio of the two intensities is calculated. If this is near zero
the region has not changed, and if it is much greater than zero the region is assumed to have
undergone change. This method is effective as it relies upon illumination ratio information

and not absolute luminance difference values.
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2.4, MOTION SEGMENTATION

Lim et al. [45] use the simple image differencing method and follow this by fitting ellipses
to the contours in order to classify objects. Kuno [42] uses an extraction function of image
and background shown in equation 2.5, which shows remarkable improvement on the simple

background subtraction in background /foreground separation.

2/ (A+1)(B+1) 2,/(256 — A)(256 — B)
A+1) - (B+1) (256 —A4) + (256 — B)

fABy=1- (2.5)
Here A is the image with the object present, and B the background image. The grey-scale
values of the images range from 0-255.

Ivanov, Bobick and Liu [33] use a multiple camera method of eliminating the effect of shadows
when the background is subtracted. The current image is geometrically warped on to the
corresponding pixel of a reference image, which is taken by a different camera at a different
view. If the colour and luminance of the two pixels are similar the pixel is classified as
background; if not, it is either an object pixel or an occlusion shadow pixel. The shadowed
pixels are eliminated by noting that object pixels will appear different from the background
in views from all cameras, whereas shadowed pixels are only likely to appear different in one
view. This rather relies on there not being many objects casting different shadows in the
scene, which would make it difficult to resolve shadow ambiguities.

Intille, Davis and Bobick [31] use background subtraction in the chrominance bands only of a
colour image to extract blobs which are matched from frame to frame using various statistics
drawn from the blob. This is done for the purpose of tracking the blobs in future frames.
In [73] a background is recovered from a scene by mode filtering in the time domain: each

background pixel is set to the most frequently occurring value over a period of time.

In [8] an image differencing method is used to locate the background reference image. A
forward and a backward difference image is taken and the regions which are common to both
is where the moving objects lie. The background is estimated over a few frames by including
pixels which do not lie within the estimated regions. The background is used for locating
moving objects. This is done both for moving and stationary viewing systems; in the moving
case the motion of the viewing system is estimated and compensated for to find the background
image. Tracking is done much like [31], by matching tracked objects with similar size, velocity
and colour attributes.

Cai, Mitiche and Aggarwal [8]; Intille, Davis and Bobick [31] and Rosin and Ellis [68] find
blobs using image differencing and use these to estimate locations of people and to match to
models.

Paragios and Tziritas [56] detect change from two consecutive images in a sequence. They
state that the inter-frame difference alone is not sufficient to locate precisely the boundaries
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CHAPTER 2. LITERATURE REVIEW: TRACKING AND SEGMENTING HUMANS

of a moving object, and propose to model this as a mixture of Laplacian distributions and use

a maximum a posteriori probability criterion to adaptively determine the threshold.

2.4.2 Simultaneous motion estimation and segmentation

An important criterion in motion estimation and segmentation techniques is the estimation of
motion boundaries. This leads to a fundamental problem in motion estimation and segmenta-
tion: a good estimation provides a good segmentation and a good segmentation produces an
accurate motion estimation. This fact is used in different ways for motion estimation. Some
researchers take into account knowledge of the structure of an image and use prior information
such as regions [73] or lines [79]. Others create an initial estimation to produce a segmentation

and then use this segmentation to better the initial estimation [10].

Shio and Sklansky [73] concentrate on trying to analyse and model the average motion of a
human body. Regions should be grouped according to how they move. A region that includes
different velocities should be split. An object model is needed to distinguish between objects
that are different but move in the same way. They present an algorithm for first motion
estimation and then person segmentation. The motion is estimated from pairs of images in
the sequence. First regions with similar grey levels are extracted using a difference image (this
is a feature-based motion estimation). The motion field is obtained around the edges using
a correlation method. The flow field thus obtained is spatially smoothed within the object
boundaries, and temporally smoothed so that all moving parts converge to a global value. The

segmentation stage consists of region splitting and grouping based on the direction of motion.

Tian and Shah |[79] use mean field techniques to determine boundaries and optical flow. A flow
field is calculated in their approach and horizontal and vertical line fields are computed to help
the location of discontinuities in the flow field. They use a Markov random field representation
to deal directly with discontinuities in the line fields.

Cloutier, Mitiche and Bouthemy [10] use an affine motion model shown in equation 2.7, to-
gether with the gradient optical flow equation shown in equation 2.6, to produce a linear
system of equations which constrain the optical flow to local rigid motion. A least median of
squares method is used to find outliers that lie on different sides of motion boundaries.

fau+ fyv+ fe =0 (2.6)

U= G -f L - oYY
v = b+ Bz + oy
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Shi and Malik [72] use “normalised cuts” on a graph constructed by treating the pixels in an
image as nodes, and connecting ones which show some spatio-temporal similarity. The edges
are weighted according to their motion profiles. The graph is then recursively partitioned using
their normalised cut measure which minimises the sum of edges that need to be disconnected

to partition the graph. This technique is very useful in the case of a non-stationary camera.

2.5 Segmentation combining motion and other information

Mitiche and Aggarwal [48] emphasise the need to integrate different types of image information
to produce better and more meaningful segmentation methods. The importance of making
assumptions which fit the data, and of keeping in mind the goal of the final segmentation is
stressed. Motion information can either be used to localise an area of interest or to make a
segmentation more robust. Motion can be combined with intensity or colour information, or

with shape and edge information.

2.5.1 Motion and intensity or colour

Thompson [78] uses a method which combines the use of difference measures and grey scale,
rather than colour, information. Only translational motion is accounted for in this model,
which helps to distinguish the boundaries of moving objects. For each point, rather than each
feature, in the image the velocity is estimated and this information is then combined with grey
scale boundary information, so that the image is separated into regions with different motion

characteristics. Only two frames are used to find object boundaries in this manner.

The velocity information is the relation of the time variation of intensity at a point (because of
motion) and the spatial variation over a surface. The spatial variation is given by a gradient,

G, so a change in intensity due to motion is given as

di
di

where 47 is change in intensity with time and v, and vy are the z and y components of the
velocity respectively. Two consecutive frames are used to calculate the velocity map values and
from one of these frames the static boundaries are located. Regions of pixels with the same
grey scale and velocity map values are combined and then these regions are merged according
to proximity and similarity. This method only deals with translational motion and although
it could be extended to deal with rotationial motion, it is inappropriate for segmenting people

in motion.

Dubuisson and Jain [14] combine image subtraction and a colour segmentation obtained from
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a split-and-merge algorithm and the Canny edge-detector, to segment the contours of moving
objects. An object mask is obtained using an image differencing technique, and a colour
segmentation is obtained by splitting and merging square regions according to their means and
variances and using edge information from the Canny edge detection algorithm. The collection
of regions produced by the colour segmentation is merged according to the proportion of pixels

from each region which also form part of the object’s motion mask.

Moscheni et al. [50] propose a region-merging segmentation technique for video sequences.
The input to the algorithm is an over-segmentation of the scene, which can be obtained
using any conventional segmentation technique. The segmentation uses both the motion and
brightness information to split the scene into regions which represent moving objects. The
spatial similarity between two regions is calculated using the medians of the luminances of

two regions along their common border, for every combination of regions in the image.

The motion similarity, for simplicity, is calculated only for adjacent regions, using two frames of
a sequence. Region merging is performed according to a graph-based strategy where each node
in the graph represents a region to be merged and every edge represents the spatiotemporal
similarity between the two regions. The graph is thresholded so that similarities below a
certain threshold are judged insignificant and ignored. By looking for cycles in the graph,
regions which are more similar to each other, but less similar to other regions are merged
together. A second merging strategy is subsequently performed to merge small or badly-
defined regions with larger, already merged regions.

Healey [24] uses a hierarchical segmentation of two images and matches regions from one to
the other using a segment tree, so that regions at different scales can be matched by matching
different levels in the tree. The segments are characterised by size, mean, variance and centre.
The motion of matched regions is estimated and target regions that show different motion

from the background are identified. This is in effect a sort of region merging.

Lin et al. [46] combine an initial motion segmentation with statistical spatial segmentation. A
hierarchical principal component split algorithm is implemented for the motion segmentation
and a voting region is established by region-growing from the centre of a clustered region until
an edge is located. Likewise [44] uses a voting scheme based on co-incidence regions from a

static and a differencing segmentation scheme and a history of recorded parts,

Pers and Kovacic [59] use motion detection in the form of background subtraction and template
matching and colour for tracking. For the background subtraction each field in the RGB image
is subtracted from a reference frame. The differences are added together then thresholded.
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2.5.2 Motion and shape

Huttenlocher et al. [29] use motion and shape in order to track. Their algorithm has been
discussed under gradient-based methods in section 2.3.

As a closing to this chapter, mention must be made of the CONDENSATION (Conditional
Density Propagation) algorithm proposed by Isard and Blake [32], which uses shape and
motion to track curves in substantially cluttered backgrounds. This method has proved more
effective for tracking than Kalman filters, which apply only to Gaussian densities and thus do
not work well in clutter. This algorithm combines a statistical factored sampling technique,
in which a random set represents the distribution of possibilities, with a stochastic differential
equation for object motion. The probability distribution for shape and position is propagated
over time in this way. The tracking resulting from the use of this algorithm is extremely robust

even in very cluttered backgrounds.

In the following chapter the use of colour in image segmentation is discussed; including de-
scriptions of human colour vision, colour representation in computer vision and the importance

of colour space selection in image segmentation.

17



CHAPTER 2. LITERATURE REVIEW: TRACKING AND SEGMENTING HUMANS

18



Chapter 3

Colour

3.1 A physiological approach to colour vision

The science of colour vision forms part of the study of physics, physiology, psychology, and
philosophy [27]. Colour vision is studied with two main aims: to understand how human
vision works and to enable machines to see in colour. This is important in segmentation and

recognition of objects such as people in a room.

In order to understand the criteria that affect the choice of a colour representation in which
to perform the task of segmentation it is necessary to discuss briefly some physical and phys-
iological aspects of colour vision. This, together with a discussion of various computer vision
colour spaces available for use later on in the chapter, will motivate the selection of the colour

space used in this project.

3.1.1 The trichromatic nature of colour

Colour is both a psychological and physical experience caused by reflected light from an
object hitting the retina. The perceived colour of the light is primarily a consequence of its
wavelength, which if it falls between 400 and 700 nm [61], is within the spectrum of visible
light, as illustrated in figure 3.1. The retina of the eye has three! types of colour receptor
cells, called cones, which each have a typical response curve to a range of light wavelengths,

each peaking at a different wavelength.

Thus, each cone is more responsive to either red (long wavelength receptive cone), green

(medium wavelength) or blue (short wavelength) light, although the responses of each cone

'A fourth receptor, the rod is activated only at low light levels and does not play an important role in
colour vision [61][27].
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type do overlap to a large degree. The CIE? has defined peak wavelengths for the three
primary colours which are shown in table 3.1.

Because of the existence of these three receptor types, a colour can be described as a three-
component quantity: a triplet in a colour space. This trichromatic theory, was first developed
by Helmholtz and Young. Also because of this trichromatic nature of colour vision, many
different spectral distributions can produce the same viewed colour. For instance, the cones
cannot distinguish between a pure yellow light at a certain wavelength and a mixture of red and
green lights at different wavelengths. Light colours that have different spectral compositions
but appear identical are called metamers. Ideally then a colour space would have a unique set
of three co-ordinates to describe every colour and every possible visible colour would be able
to be described in this way.

| Pure Colouir Wavelengtlﬂ

Red 700nm
Green 546nm
Blue 435.8nm

Table 3.1: Wavelengths corresponding to primary colours as defined by the CIE

Higher Frequency Lower Frequency

500 600
Waveiength (nm)

Figure 3.1: The spectrum of visible light [85]

3.1.2 The opponent colour theory

The opponent theory of colour vision was first proposed by Ewald Hering in 1878 and was later
revised by Hurwitz and Jameson [28] as an alternative to the classical trichromatic theory.
While the trichromatic theory supports the fact that any colour that can be seen is composed
of the three primaries, red green and blue, there are at least four other aspects of colour vision
which are not accounted for by this model [22].

First the fact that although a colour or mixture of colours can be described as greenish blue
or reddish yellow there is no such thing as a reddish green, a bluish yellow or a blackish white.

Second, mixing two complementary colours, for example, red and green, produces a result

2Commission Internationale de I'Eclairage - International Lighting Commission, based in Vienna.
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which is neutral, which suggests that these colours can “cancel out” each other’s chromatic-
ity. Third, after-images of a complementary colour are not explained by the trichromatic
theory, but according to opponent process theory sustained viewing of colour, for example,
red, fatigues the red process and when a neutral colour is viewed immediately afterward both
processes should be equally stimulated, but instead a green after-image is seen because of
the red’s previous over-use. Finally, aspects of colour-blindness are explained, because if all
processes are at their balance point a neural grey is observed.

The opponent colour model proposes that opponency and trichromacy correspond to different
levels of neural activity. Instead of merely three primaries, the three primary colours received
on the cones of the eye are further processed in the lateral geniculate nuclei, which are receptive
to three opponent colour pairs: black-white, blue-yellow and red-green, as shown in figure 3.2.
These second stages of colour vision processing are stimulated or inhibited by inputs from
the cones. For instance, the blue-yellow system is stimulated by input from blue cones and
inhibited by input from red and green. If the stimulation is greater than inhibition we see
blue, otherwise we see yellow.

AL L AE%A AYAPA
e _

Black-White Red-Green Yellow-Blue
Achromatic Chromatic
System System

Figure 3.2: The recombination of primary stimuli into opponent colour pairs [22]

3.1.3 Factors affecting colour perception

Perceived colour can be qualitatively described by humans in terms of a hue, saturation and
lightness components [22]. Hue is the nature of the colour itself: more accurately the dominant
wavelength of a spectral power distribution [60], whether red, green or blue, or a mixture of
two of these. The lightness/brightness perception is the quantity of light which seems to be
coming from the colour, to which the human visual response is approximately logarithmic.
Saturation/chroma is the purity of a colour or the amount of white it appears to have in it.
The more the light distribution is concentrated at one wavelength, the more saturated the
colour.

Both chromatic (hue and saturation) and achromatic (lightness) contrasts make objects visu-
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ally separable from their backgrounds. The achromatic system has far better visual sharpness,
as spatially people respond more accurately to lightness changes than to colour differences.
The higher the brightness contrast the better the spatial resolution, and for fine detail to be
resolved a high brightness contrast is essential as a colour contrast is often not sufficient [22].
People also respond more sensitively to temporal brightness change than to colour change, as

is evidenced in the human sensitivity to flicker on a television screen or computer monitor.

There are, however, many factors apart from dominant wavelength which affect the perceived
hue of a colour. Hue discrimination for humans becomes worse as colours become less saturated
and less bright. Surface colour appearance is also affected by background colour (simultaneous
colour contrast), chromatic adaptation (temporal colour contrast), colour constancy (global

variations within an image), and size apart from brightness and saturation.

To humans, objects retain their apparent colour when viewed in a different light. Since the
light reaching the retina is a product of the object’s surface reflectance properties and the
illumination of the scene, this suggests that the visual system is somehow able to compensate
for these lighting changes. The colour of an object appears to rely more on its inherent
surface reflectance properties than the light under which it is viewed. This is wavelength
selective adaptation and is the same as what happens when we walk from bright sunlight into
a dark house. On film, however, these changes are very evident. This creates the problem of
computing colour constancy when processing images, which is something that humans appear
to do automatically. Constancy is a problem which affects the scene viewed on a global scale,
whereas contrast is a local phenomenon: the colour of an object might appear to change when
the background colour changes. When the illumination of a region changes, however, the light

that it reflects changes in the same way as the light that its surrounds reflect [27].

Colour cannot be the only cue used by the human visual system to segment objects of interest
from background regions. Evidence suggests that colour, intensity, change and motion all
contribute somehow to the human visual system’s ability to separate foreground objects from

their backgrounds.

3.2 Colour space considerations

3.2.1 Colour models

Colour models are ways of representing colour. There are four primary categories : physiolog-

ically inspired, colourimetric, opponent and psychological models [43].
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Physiological

These are based on the Young-Helmholtz theory of colour vision. They use three primaries
(thus taking into account the existence of three types of cone in the human retina), for example,

the RGB model used in computer graphics.

Opponent

Opponent models are based on Hering’s theory using opponent colour pairs. There can be
considered four perceptual primary colours, which do not appear to be made up of any other

colours; these are red, green, blue and yellow [22] which are also the opponent colour pairs.

Psychological

Psychologically inspired models are based on the appearance of colour to observers, derived
either impressionistically (Munsell [51] and Ostwald [54]) or experimentally (HSV - a system
composed of hue, saturation and value components). Munsell and Ostwald are comparative
references for artists. The Munsell system is still used industrially. Both are based on subtrac-
tive colour so are not generally used in computer vision, which is additive. Both use cylindrical

co-ordinates with hue, saturation and brightness components.

Colourimetric

These models are based on measurement of spectral reflectance, for instance the CIE chro-
maticity diagram which is shown in figure 3.3. Light of any spectral composition can be

exactly matched using wavelengths of just three primaries.

3.2.2 The CIE chromaticity diagram and the XYZ colour space

According to the trichromatic theory, light of any wavelength can be matched by an additive
mixture of three primaries. Thus, any colour can be specified by the relative amounts of the
three primaries needed to create that colour. The CIE has defined colour matching functions
for the three primaries red, green and blue, with respect to a standard observer. These colour
matching functions are transforms of the spectral sensitivity functions of the human cones,

determined experimentally [12].

As can be seen from the CIE’s spectral response curves for the cones responsive to red, green

and blue, shown in figure 3.4, the entire spectrum of visible colour cannot be represented by
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X

Figure 3.3: CIE chromaticity diagram

positive RGB values. Some colours require a negative red stimulus. The CIE addressed this
problem by linearly transforming the RGB primary stimuli to create a colour space in an XY7Z
co-ordinate system, such that every visible colour can be represented as a triplet of positive
co-ordinates in the space. The primaries thus obtained are called virtual primaries [12]. The
tristimulus values XYZ, which are the amounts of the virtual primaries which combined will
reproduce a colour spectral distribution, can be calculated given a colour spectral composition,
the standard observer colour matching functions in figure 3.5 and a set of three primaries which
can be seen in figure 3.4.

The design of the XYZ system is also such that all luminance information is contained in the
Y channel. The CIE’s XYZ tristimulus response curves are shown in figure 3.5. From the
XYZ co-ordinates the chromaticity co-ordinates are calculated, by normalising to disregard
intensity as in equations 3.1 and 3.2.

X
_ A
T X+Y+2z (3.1)
Y
Y=X+yv+2z (3-2)

z can be obtained using 1 — z — y.

The CIE chromaticity diagram in figure 3.3 represents every colour as a point within a bound-
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ary defined by the spectral colours on this z y co-ordinate frame. The white point is at the
centre. Primaries are chosen to maximise the area of the chromaticity diagram covered, as

each primary is a vertex of the colour gamut.

Apart from being able to represent all visible colours, the XYZ space is device independent
and can be used to compare different colour devices. Another useful aspect of the space is
that it is linear: all colours made by combinations of two colours lie on a line joining those
two colours, and all colours composed of three colours lie within a triangle whose vertices are
the three colours. The equation giving the transformation from standard RGB to XYZ values

is shown in equation 3.3.

X 0.412453 0.357580 0.180423 R
Y | = | 0.212671 0.715160 0.072169 | x | G (3.3)
Z 0.019334 0.119193 0.950227 B

a.4

a3

Q.31

Tristirmuive vales

400 300 €00 700
Wearelangth - nm.

Figure 3.4: Spectral response curves for the three cone types [30]

The CIE have defined two uniform® colour spaces based on the chromaticity diagram, which
are the L*a*b* (for reflective light) space and the L*u*v* space (for additive light).

3.2.3 Some colour spaces

An important criterion in colour segmentation is the choice of colour space in which to do the
segmentation. Some colour spaces used for various vision purposes are listed in table 3.2. The
RGB colour space, which is the default used to represent digital images, is inadequate for this
purpose. This is because it seems logical that to teach a machine to automatically detect an

FThe meaning of a “perceptually uniform” colour space will be made clear later in this chapter.
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Figure 3.5: CIE spectral response curves [30]

Colour Components Device Purpose
| Space Dependent
RGB Red, Green, Blue Yes CRT
CMY Cyan, Magenta, Yellow Yes Printing
CMYK C, M, Y, Black Yes Printing
HSB Hue, Saturation, Brightness Yes Perceptual
HSV Hue, Saturation, Value Yes Perceptual
XYZ Tristimulus values No CIE tristimulus
xyY Normalised tristimulus No CIE tristimulus
L*a*b* Luminance No Uniform, Orthogonal
L*u*v* Luminance No Uniform
Munsell Hue, Value, Chroma No Artist’s guide
YIQ Luminance, In-phase, Quadrature Yes Television
YCo(lr Luma, chrominances Yes Video
sRGB RGB No Proposed for Internet

Table 3.2: Some commonly used colour spaces
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object according to colour, something humans can do with no trouble at all, a colour space

should be closely resemblant to the way in which humans perceive colour.

In addition, a known problem with segmentation is lighting change. It is therefore reasonable
to conclude that a colour space model is required in which the illumination of the scene can
be separated as distinctly as possible from the hue information. To this end several colour
spaces have been suggested: the YUV [83], HSI [64], and L*a*b* [57] [13] [40] colour spaces
have all been used with some success.

It thus seems possible that a system that mimicked the opponent colour model would assist in
the automatic classification of different hues. In [7] this technique, which imitates the neuro-
biological structure of the human visual system, was seen to aid in segmentation of coloured

areas and to reduce the unwanted effects of illumination changes.

An experimental comparison of RGB, YIQ, LAB, HSV and opponent colour models [71] with
the aim of determining in which colour space a user was able to reproduce a given colour
most quickly and easily, found that the Opponent model and the RGB provided the quickest
matches with L*a*b* third. For the closest match, the L*a*b* colour space proved most
accurate, followed by the HSV and Opponent colour model. The conclusion reached in this
study which may be of importance was that subjects matched lightness better if the colour

model had a lightness axis, whereas the advantage of having a hue axis was not obvious.

The colour space which most closely resembles the opponent colour model is the CIE L¥a*b*
colour space in which the L* component is the luminance value and the a* and b* components
are the red-greenness and the blue-yellowness respectively., This space was created for its
perceptual uniformity [71], which is also an advantage in segmentation. In a uniform colour
space a colour difference perceived by an observer is approximately the same as the Euclidean
distance between two points in the colour space.

3.2.4 The L*a*b* colour space

The CIE recommends the use of the L*a*b* colour space for measuring colour differences
[12] under illumination conditions which resemble daylight. The transformation from XYZ
tristimulus values to the L*a*b* co-ordinates are as shown in equations 3.4, 3.5 and 3.6.
Adaptation to different light sources is built into this equation by normalising the tristimulus
values by the reference white point, X,, Yy, Z,. Often the D65 white point* defined by the
CIE as reference daylight is used in this normalisation.

*The D65 “natural daylight” point is defined as a point x=0.3127, y=0.3297 on the chromaticity diagram,
corresponding to a colour temperature of 6504K.
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Yai 4 4f X
L { 116(3 33 16 i f % > 0.008856 (5.4)
903.3(£) — 16 if - < 0.008856
X Y _
ax = 500[f (}—(;) ~f (Y—n)} (3.5)
Y Z
b = 200[1”(?;} - f(-g)} (3.6)
where .
¢5 if 1> 0.008856
ft) = 6 (3.7)
78T X t+ 45 if < 0.008856

The L*a*b* space, being designed to be perceptually uniform, is intended to be an accurate
space in which to measure colour differences. Colour differences in this space correspond
approximately to a Euclidean distance measure between two points. A colour difference metric,
AFE is defined in the L*a*b* space as:

(AE)? = (AL%)? + (Aax)? + (Abx)? (3.8)

This means that this colour space is a likely choice for tasks such as colour segmentation
and content-based image retrieval, where differences between colours should be measured as
accurately as possible [12]. It has been claimed to be less than uniform in the blue and magenta
regions [80].

Most of the literature regarding the segmenting of people in motion uses colour information,
not necessarily as a criterion on its own, but often combined with motion and situation in-
formation. In these, the use of certain colour spaces prevails, particularly those which, unlike
the RGB colour space, closely resemble the way humans perceive colour, and importantly,
separate the hue information from the lightuness information. Some colour spaces used are the
RGB [37], HSV [64] [53] and YUV [83], as well as L*a*b* [40] more recently. In [40] a com-
parison is made between logarithmic L*a*b* HSI, RGB and normalised RGB. Logarithmic
L*a*b* is found to be marginally better for tracking.

3.3 Experimental comparison of some colour spaces

A preliminary investigation into the suitability of various colour spaces for segmentation was
made. The same segmentation technique was used on a set of images in four different colour
spaces. Since, as we have seen, it is often desirable to omit the luminance information for
colour-based segmentation, the experiment was carried out using only the chrominance bands

of the colour spaces. The colour spaces used for the purpose of this experiment were: the
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normalised rg space, h-s space taking only the hue and saturation components of HSV, a*b* -
the chromaticity components of L*a*b, and the Cb and Cr components of the YCbCr colour
space.

The colour spaces chosen are examples of differing colour models: RGB, the conventional
computer graphics space; HSV, a perceptual and non-uniform colour space; YCbCr, belonging
to the YUV family of colour spaces for television and L*a*b*, designed by the CIE to be
perceptually uniform.

3.3.1 Colour space conversions

The conversions from RGB to the colour spaces used in the experiment are given below [60].

Normalised rg space

R
= 3.9
""R+G+B (3.9)
G
I"R+G+B (3.10)
HSYV space
G-B : _
maz(R,G,(B)jz)in(R,G,B) uf mam(R,G,B) =R
H=|24%smmem e mesy if maz(R,G,B)=C (3.11)
R— .
T mam(R,G,(B)—min(R,G,B) if maz(R,G,B) =B
g maz(R,G, B) — min(R, G, B) (3.12)
maz(R, G, B)
V = maz(R,G,B) (3.13)
YCbCr space
Y 16 65.481 128.553  24.966 R/255
Cy | = | 128 | + | =37.797 —74.203 112 x| G/255 (3.14)
G 128 112 —93.986 —18.214 B/255

29



CHAPTER 3. COLOUR

L*a*b* space

The conversion from RGB to XY7Z tristimulus values has already been described in equation
3.3 and the conversion from XYZ to L*a*b* in equations 3.4, 3.5 and 3.6. For ease of reference

the conversions to L*a*b* are repeated here.

- 116(%)s =16 if & > 0.008856 (3.15)
| 903.3(&) -16 if & <0.008856 '
ax = 50017 ()~ (5 ) (3.16)
Y 7
bx = 200[f(7n) - f(in)} (3.17)
where :
t3 if t> 0.008856
ft) = B . (3.18)
7787 x t+ 25 if < 0.008856

3.3.2 Skin colour detection experiment

The object of the experiment was to detect skin colour in the set of test images, given an
example data set under different colour space transformations, and to determine which colour
space produced the best® segmentation. The example or training set of skin coloured pixels
were taken from nine different images, taken under varying lighting conditions (assuming
roughly daylight conditions) and incorporating different individual skin colours. These were
transformed into the four two-dimensional colour spaces. The two test images, which are
shown in figure 3.6 are also taken under unknown lighting conditions and contain people with

different skin colours. The transformation to L*a*b* was done assuming a reference daylight

(a) Test image 1 (b) Test image 2

Figure 3.6: Test images for skin colour detection

5“Best” means lowest false skin detection rate AND skin omission error as determined from a hand-segmented
version of the same image.
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white point as it was considered unfair to take advantage of the inherent normalisation factor
built into this transformation. However, using the white point of a reference image for the

L*a*b* transformation would be expected to increase the accuracy of the segmentation.

In order to classify the skin coloured regions in the test images the Mahalanobis distance® of
every pixel in the colour-transformed test images from the example pixel set is taken. The

Mabhalanobis distance from the test set z to an example set p is given by equation 3.19:
A= (z - p)'E7 Nz ~ p) (3.19)

The resulting image is then thresholded to produce a segmentation of the skin-coloured regions.
The pixels with the smallest Mahalanobis distance from the training set are the ones which
can be most confidently classified as skin colour. Therefore it is easy to see that as the
threshold placed upon this distance from the training set is increased, more pixels will be
classified as skin, until the point where an unacceptably large number of pixels which are
not skin will mistakenly be classified as such. The optimum segmentation is then produced
by the threshold value which classifies the most skin-coloured pixels correctly as skin (fewest
false negative classifications) and the fewest non-skin pixels as skin (fewest false positive
classifications). The choice of threshold is a crucial factor influencing the segmentation, but
there exists a threshold for the distance measure in each colour space which yields an optimum
segmentation, minimising both the false positives and the false negatives. To find this optimum
the Mahalanobis distances in each colour space are thresholded at increasing values and the

segmentation at every threshold is evaluated.

A hand-segmented image is used to evaluate the quality of the segmentation at each threshold.
Four error metrics extracted from the comparison with the hand-segmented image are plotted
in figures 3.7 and 3.8. The non-skin pixels error is the proportion of non-skin pixels mistakenly
classified as skin, the skin error is the proportion of skin-coloured pixels which are misclassified,
the percentage correct is the proportion of pixels in the entire image which have been correctly
classified, and the percentage of skin correct is the proportion of skin-coloured pixels which

have been correctly classified.

3.3.3 Segmentation results

As can be seen from the error plots in figures 3.7 and 3.8, at a low threshold the number
of misclassified skin pixels is high, and this number falls as the threshold increases. The
misclassified non-skin pixels, however, increase as the threshold increases. It can be seen that
there is some point at which these two lines intersect and at which both misclassifications are at

a minimum. This also corresponds roughly with the peak in the plot of the overall correctly

®The Mahalanobis distance measure is discussed in chapter 8.

31





































































































































































































































































































