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Figure 70 and 72 show that the standard method and compromise method have a
reasonable separation between real noses and false noses. The two PDFs overlap which
means that the method will not always manage to resolve the difference between real and
false noses. Observations show that the real noses at the lower end of the PDF are

usually due to poor zone location.

Figure 71 shows that the vector method does not resolve the difference between real and
false noses. There is, however, a narrow band of values where it is more likely that noses

are real rather than false.

It 1s not sufficient to only test the likelihood ratios on the training data alone. Therefore
the small and compromise methods were tested on the independent test set of data and

the PDFs are shown in figures 73 and 74.
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Figure 74: Independent PDF's of likelihoods of real and false noses using the

compromise method

These graphs show that there is a slightly larger overlap between real and false noses.
However, there is still a definite resolution between the PDFs. It is clear that all stages of
this technique require improvements. However, as shown in the next section, poor
results for one feature can be compensated for by good results for another feature (By

use of a control structure, see chapter 5).

The PDFs of the likelihoods for real and false mouths was also calculated. The PDFs of

the mouths in the face bank are shown in figures 75 and 76.
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5. Face Location System

This Chapter draws together the work described in previous chapters to present a
complete face location system. It combines the peak and trough preprocessors and the
PRODIGY techniques using further statistical methods similar to those used in the
PRODIGY. A simple face recognition system is then presented which compares cue

faces with people who have been previously photographed.

5.1 Control System

Several control systems were described in section 2.5. The discussion mentions two
types of control structures;, the serial approach, such as Kanade (1977), and the
independent feature location approach, such as Craw et al’s (1991) blackboard based

system.

The approach chosen uses the independent approach and is demonstrated in Figure 79.
This is a tightly defined approach like the serial approach, as compared to the blackboard
system, which is a loosely defined system and allows multiple execution paths.

Image = j

Eye Detector g

eyes

—l—" Face

Nose Detector | Pessible Locator =9 Face

noses
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Mouth Detector | possbe

mouths

Figure 79: Block diagram of a system for locating faces

The system above shows several independent facial feature detectors that produce a list
of possible features along with a confidence value for each possible feature. The list is

not only passed onto the face locator but to other feature detectors, which enable the
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search to be directed to appropriate areas of the image. The nose and mouth detectors
that are used in the system are those described in the previous chapter, i.e. those using
the PRODIGY technique. The face location part combines the output of these detectors
using statistical methods similar to the PRODIGY and is described in section 5.4.

5.2 Feedback Loop

The actual implementation of the feedback loop in figure 79 is described by the
following:

The nose detector supplies the eye detector with information that it has found ‘x’
possible noses. The eye detector then checks its possible eyes to test if they are
close to the top of a nose. Each eye that is not close to the top of the nose is
removed. The eye detector then passes its possible eyes to the nose detector and
the nose detector then checks its possible noses for nearby eyes.

This process is repeated several times between the eye, nose and mouth. This feedback
reduces system failures and computation time. This is because the number of ‘false’ eyes,
noses and mouths are cut and hence the time taken to check each of the remaining
possible features, or combinations of them, is lower.

5.3 Face Model

The face location part of the system in figure 79 has similarities to Fischler and
Elschlarger's (1973) templates and springs method. In their method they designed a
model of the whole face as shown in figure 80. To locate a face, first a predicted location
of each facial feature is given. A cost is calculated as to how much each predicted
feature’s shape and texture deviates from the model features. Then another cost is
calculated which shows how much the relative locations of the predicted features deviate
from the model. The predicted facial feature locations are then adjusted until the cost is
minimised.
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Left Edge

Figure 80: Fischler and Elschlager's springs

The total cost of this model for a given location is shown by equation 21. The cost

function is minimised to find the face on an image.

> Template costs+ »_ Spring cost (21)

A template cost is a figure relating to the amount of mismatch of the template and any
part of the image. The spring cost is calculated by how much it deviates from the average
length springs. 1.e. it 1s a measure of the effort needed to stretch or compress the spring.

This method is not unlike the deformable templates proposed by Yuille et al (1988) in
that the model is deformed until it fits the shape of the actual face in the image.

The implementation of the ‘springs’ method used in this thesis differs somewhat. Fischler
and Elschlarger (1973) system was designed to refine the location of objects, whereas
the PRODIGY has already specified facial feature locations. We use the springs only to
check combinations of facial features to test if they are structurally compatible.

5.4 Implementation of the ‘spring’ control system.

The ‘spring’ method that was developed uses likelihood ratios in a similar manner to the
PRODIGY technique. This diverges from the Fischler and Elschlarger (1973) ‘springs
method’ which uses cost functions. To locate a face the likelihood function given in

equation 26 is maximised.

no of features
> ir(a,n,)+ Y spring likelihood ratios (22)

a=1
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Function /r(a,ng) is the likelihood ratio for n!" proposed facial feature of type a. The
likelihood ratio is found by the PRODIGY algorithm (or similar algorithm) for that

feature as described in section 5.4.1.

Type a=1 represents a nose, a=2 represents a mouth, a=3 represents the left eye, a=4

represents the right eye.

A spring likelihood ratio is calculated from the distance between each and every feature.
It is assumed that the distance between each ‘real’ and each ‘false’ feature has a normal

distribution and hence simplifies the calculation of the likelihood ratio function.

5.4.1 Feature likelihood ratio functions

The likelihood of the mouth and nose features are found by dividing each value from the
real PDF by the corresponding values of the false PDFs. The values of the PDFs are the
output of the PRODIGY functions and are called Nvalues for noses and Mvalues for
mouths. The PDFs from the compromise method were used as shown in figures 72 and
74. The graph in figure 81 shows the likelihoods of noses.
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Figure 81: Likelihood ratio of Nvalues between -91 and -1

The curve is exponential in shape, so an approximation to the exponential curve was

estimated. The approximation shown in figure 81 is given in equation 23.

L(Nvalue) = exp( Nvalue /8)*300 (23)
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Similarly the likelihood ratios of the Mvalues are shown in the graph in figure 82.
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Figure 82: Likelihood values of Mvalues between -82 and -1

and an exponential approximation was devised as shown in equation 24.

L(Mvalue) = exp( Mvalue / 13)*8 (24)

5.4.2 Spring likelihood ratio functions

The likelihood ratio function introduced in equation 4 (page 63) is used for calculating
the spring likelihood values. A simplified version derived from equation 8 (page 64) is
given in equation 25 and shows the normal distribution of real spring lengths divided by
the normal distribution of false spring lengths.

Lg)= exp(ax2 +bx+c) (25)

where x is the proposed spring length and

y

O'Z_O—~ 0'2_ O'2 20'2— 20'2 O
d= r j,b: /ur f /uf r - :uf r lur f+10g[—f)and

- 20252 o9 2 a7
0,0, 0,0, 0,0, 3

u, = average length of real spring
o, = standard deviation of real spring length
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4, = average length of false spring

o, = standard deviation of false spring length

Therefore, the likelihood ratio can easily be determined by finding the average and
standard deviation of real and false springs. To calculate the false spring averages a
random sample of false features was selected and the distances to other false features
were calculated. '

In practice the distance between the nose and the mouth is not an appropriate measure
because it varies with the scale of the image. To ensure scale independence relative
values were calculated using length ratios. The ratio chosen for the nose to mouth
distance was:

ratio = (nose length/distance between the nose and mouth)

The average and standard deviation of the ratio were found by analysing all the faces in
the face bank of type 1-4 (large to small). The average and standard deviation of the
ratio of false faces were found by analysing thousands of random false faces?!.

5.4.3 Face likelihood

A version of the likelihood ‘springs’ methods was constructed combining the nose
likelihood ratio, mouth likelihood ratio and the spring likelihood ratio. The eyes are not
included in this likelihood function as the eye preprocessor does not give a confidence
value. The likelihood function derived is given equation 26.

L(Nvalue, Mvalue, x) = exp( Nvalue / 8) * 300 * exp( Mvalue / 13) *8 * exp(ax""‘ +bx + c)
(26)

where Nvalue is the output of the nose PRODIGY, Mvalue is the output of the mouth
PRODIGY and x is the spring ratio.

Taking the log likelihood and removing constants gives equation 27.

21The analyses showed that 4, =0.57, o, = 0.10, U; =077, 0, =2.41. Therefore a = -47.5, b = 54.2

andc=-12.3
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L(Nvalue , Mvalue,x) = Nvalue | 8+ Mvalue / 13+ ax® +bx 27

Note that this equation includes weighted versions of the Nvalue and Mvalue. This is
because Nvalues and Mvalues were originally log likelihoods. The weights give
precedence to the relative reliability of the values produced by the PRODIGY algorithm.
In this case as the nose locator is more reliable it is given a higher weight.

5.5 Face location

The likelihood function in equation 27 can be used directly to locate a face on an image.
This is done by finding the value of the function for every combination of proposed
features. The combination with the maximum likelihood is chosen as the real face.

This involves little processing for the system proposed (with only two features). e.g. if
there are 40 proposed mouths and 40 proposed noses then the function is calculated
40x40 = 1600 times?2. If the system is expanded later by adding 40 proposed right eyes
and 40 proposed left eyes this would increase to 2.5million iterations, which would take
a significantly?? longer time. Therefore, an alternative method for testing all the
combinations would be necessary such as gradient descent, genetic algorithm (Robertson
and Sharman, 1990) or by implementing the process in parallel.

5.5.1 Shape free faces and position/scale free faces

Many have used face location as a preprocessor to face recognition (Gallery et al, 1992,
Craw et al, 1992, Jia and Nixon, 1992). Where face recognition has been tested on
unlocated faces the results have been poor. For example Turk and Pentland (1991) show
recognition of around 30% for unlocated faces.

22The likelihood function has 5 multiplications and 4 additions. Total for 1600 iterations = 8000
multiplications and 6400 additions. If a computer can do lmillion multiplications per second and
10million additions this would take 8 msec.

2315.36million multiplications and 10.24 million additions. Using the same assumptions as the previous
footnote this would take 16.384 sec.
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Applications, such as face recognition, that use ‘located faces’ usually require an
extracted face as and input (Gallery et al, 1992, Craw et al, 1992, Jia and Nixon, 1992).
This is easily done by geometrically transforming the image so that the face is moved to
the centre of the image and is scaled to a fixed size. This is called a position/scale free

(ps-normalised) image and the transformation is given in equation 28.
i',j'=fi,j) forall i, j e{C} (28)

where i, j are coordinates on the original image mapped to new coordinates on the
position/scale free image by function f. C represents all possible image coordinates.
Similar transformations have been used by Craw et al's (1992) (Shape free image) and
Shackleton and Welsh's (1991) (Geometrically normalised image).

The process for producing the position/scale free follows the stages given in figure 83.

Locate the face;
Centre the face in the image (translation);
Rotate the face so that the eyes are on a horizontal line (rotation);

Scale the image of the face vertically so that the mouth falls on a
fixed point (vertical scaling)?

Scale the image of the face horizontally so that the eyes fall on
fixed points (horizontal scaling);

Figure 83: Process for scaling and translating the face to fixed place on an image

This system has been implemented and the output of such a transformation is shown in

figures 84-87. Note that this transformation does not remove expression information,

lighting effects or horizontal turning of the face (face tilt).
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Figure 85: a) THOMAS3 b) PS-Normalised image of THOMAS3

Figure 87 shows a rotated face. The face location algorithm still works and the ps-

normaliser still places the eyes, nose and mouth in fixed positions.
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Note that the ps-normaliser is different from shape freeing faces in that the shape
information is still retained?*. The only shape information removed is the aspect ratio of
the face, which is fixed after the transformation.

5.5.2 Face location performance

A face location algorithm was implemented using the likelihood function presented in
section 5.4.3. The face location algorithm was tested on all the faces in the face bank and
on all the test faces.

Of the original face bank the program located 86% of the ‘non rotated’ faces correctly.
The system assumed no knowledge of the position of the face and the size of the face
could be between 20-60 pixels wide. Of the test set of independent images (which had
faces with glasses and beards among them) 58% of the faces were located correctly.

Kanade (1977) quoted a figure of 75% location (20 people); but this system also had
prior knowledge of the size of the face, orientation and possible location of the face - if
his system was tested on the face bank it would find none of the faces. Tock (1992)
quotes a figure of 86% on his set of faces which are all full face and of a reasonable size.
Tock’s program is a blackboard system and is expandable; for example by adding the
feature detectors presented in this thesis. His system will choose the most reliable feature
locators in its control structure. This compares with the likelihood equation for locating
faces that weights reliable locators, although the weights are not modified automatically.
Waite and Welsh (1990) achieved face location results of between 54-85% using a
snakes method for locating the boundary of the head. This method requires the head to
be on a white background because is searches for edges. None of these other systems
described were tested on images as diverse as those in the independent test set.

The results of the PRODIGY based system above show that there is more development
needed before the system is robust. However, as compared to the other systems cited
above the technique shows a gain in performance. The system does not require the input
faces to be in the middle of the image or on a plain background or of a fixed scale. The
results on the independent test database show that the system has flexibility and is not
constrained to certain types of face images.

24 A5 the shape information is retained it is not necessary to have a separate shape vector.
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5.6 Face recognition

As mentioned in the introduction and background to this thesis automatic face
recognition by machine is one common application of face research. To test the
usefulness of the face location techniques described in this thesis a simple face
recognition program was devised. This section describes the face recognition process.

5.6.1 Face recognition : a simple technique

To compare face images a simple correlation technique was designed. Rectangular
portions (R) of each face enclosing the eyes, nose cheeks and chin are correlated. As in
Craw et al’s (1992) method it was decided that the hair was too variable to be included.

If C(ij) is the cued image and I(7,j) is a face in the training set then the correlation
between the images is given in equation 29. This is derived from the standard correlation
methods such as found in Milton and Arnold (1986, p157).

nY Cl, I, j)+ . Cli, 7)Y 10, )

i,jeR i,jeR i,jeR (29)

- gew] [rgrer -]

The correlation between the cue image and all the images in the pool is found and the

image with the highest correlation is assumed to be a picture of the same person.

5.6.2 Face recognition performance

The face recognition program described above was tested by placing someone in front of
the camera, digitising the face, locating the face, and comparing it to a set of previously
located faces in a pool (candidates). The pool consists of several pictures of about eight
people. '

Tests showed that whenever the face was located correctly then the face was also
successfully recognised. It is expected that failures would occur if the set of possible
candidates is increased.
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The fact that ‘face recognition’ was demonstrated successfully, using a simple program,
adds weight to the theory in section 2.2 that face location is an essential preprocessor to

face recognition.



6. Observations and Conclusions

This Chapter examines the experimental results and draws together some conclusions
and inferences from the results. Facial vision engineering is a growing subject, core
methods and techniques are still emerging and difficulties in the unconstrained face
location problem require further research. This study has, however, made advances in the
field in reducing image constraints while retaining computational efficiency. In this
chapter an examination of each technique is made. Their properties, advantages and
disadvantages are discussed. Finally, future research on each technique is suggested.

6.1 Peak and Trough Preprocessor

The peak and trough preprocessors propose a number of locations on an image likely to
be a particular facial feature. This is done by examining intensities on an image to
produce V-lines, which are'vertically connected peaks in the image, and H-lines, which
are horizontally connected troughs in the image. The V-lines are proposed noses and the
H-lines are proposed mouths. Eyes are proposed at points where a trough in intensity is
found in all directions. This technique is based on observations that have been made on
numerous face images.

The implementation of the peak and trough preprocessors is computationally efficient.
They require approximately 11 instructions per pixel. For a 256x256 image this would
account for 720896 instructions per image. On an 10 MIP machine this would take 70
msecs per image. This compares with the morphological methods for finding peak and
trough fields as implemented by Yuille et al (1988), which are by nature less efficient.
These preprocessors are robust for face images between 20 and 64 pixels wide (see table

3, page 23). This is supported by the fact that there were no true rejects of noses, or
mouths on all face images of size large to small when the technique was tested on the
face bank.

The performance of the peak and trough algorithms is affected by the filters and the filter
parameters and the threshold value. Larger filter parameters increase the performance of
the V-line proposer, but too large a value merges the nose into the face. The size of the
filter parameter for proposing H-lines has a minimal effect on the performance of the
trough preprocessor. Lower threshold parameters increase the number of false features
that are found which decreases the likelihood of the PRODIGY locating the correct
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feature. Higher thresholds shorten the length of the H/V-lines, which increases the
probability of the PRODIGY failing to define nose or mouth zones.

Future work on the preprocessors would focus on developing a technique that maximises
the length of the H/V lines without increasing the number of false features. One method
is to start with a large threshold and then slowly allow the threshold to decrease without
allowing new proposed facial features to appear. Different types of filters, such as
matched filters, should be tried with the aim of enhancing the facial features that the
preprocessors are proposing.

6.2 The PRODIGY algorithm

The PRODIGY algorithm takes as its input the proposed features from the peak and
trough preprocessors and gives each a confidence value. This value is a likelihood of the
line being a real rather than a false feature. Producing the likelihood values involves first
locating zones around each V/H-line, then calculating the proportions of eight gradient
directions within each zone. The system then compares the proportions with the average
and standard deviations of real and false facial features, producing the likelihood value,
which are called N-values and M-values for noses and mouths respectively.

The PRODIGY technique is scale independent because the proportion of gradient
directions in each zone is found rather than the absolute number. Because gradient
directions are based on the direction of change in intensity, rather than magnitude, the
technique is independent of absolute image intensity. The use of statistics in the
PRODIGY technique performs two functions: first, they allow the removal of statistically
impossible proposed noses; and second, they provide confidence information about the
proposed facial features without introducing ‘true rejects’. This confidence information is
subsequently used in the face location control structure. ‘

The performance of the PRODIGY algorithm is affected mainly by the zone location
algorithm. Unlike other parts of the system, failure of the zone location section can cause
‘true rejects’. For the mouth zone locator it has been shown to cause up to 5% ‘true
rejects’ and hence causes a weak link in the chain (the nose locator causes up to 2% ‘true
rejects’). The zone location algorithms were based on observations but in this case these
observations proved inadequate. The choice of the statistical method affects the amount
of resolution between real and false facial features. Of the methods tested, the
compromise method proved to be the best (see section 4.3.9). This method is a
combination of a multi and single dimensional analysis. The results show that this
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combination approach, which uses cross correlation information, reduces the impact of
any assumptions that are made during the statistical analysis.

Future work on the PRODIGY must tackle the failures in the zone location algorithms.
Areas of research will examine the use of statistics to define zone boundaries, introduce
checks on the credibility of the zones found and generate multiple zone sets for each
proposed feature. Currently the zone locators generate one zone set for each facial
feature, which means that the algorithm must be able to cope with multiple expressions
and classes of feature. If a zone locator is made to produce several zone sets representing
different classes and expressions, then the definition of the boundaries on each zone can
be tightened. The likelihood technique performed on gradient directions can also be
applied to image grey levels, colour levels, edges, and other image operators. Future
research will analyse the use of these other indicators with the aim of increasing the
resolution between real and false likelihood values.

6.3 Face location control system

The face location control system first removes proposed facial features that cannot be
combined with any other proposed facial features to produce a structurally feasible
feature set. This is performed using a multiple feedback loop. The system uses a
likelihood function based on structural feasibility and the confidence of the proposed
facial features to find the most feasible combination of facial features. The proposed
features are generated by the peak and trough algorithms and the confidence values are
generated by the PRODIGY. A feature of the control system is that the real mouth and
nose do not have to be ranked first in the list of proposed features for the combination to
produce the most likely face. This supports the use of the statistical methods to govern a
face location control system.

Many face location techniques (see chapter 2) require the constrained face images to be
presented to the system. These constraints are listed in chapter 1. The face location
algorithm designed in this research reduces the level of constraints required. Individual
comments on each constraint category are given in table 15. These comments are based
on performance tests which were reported at the end of chapters 3-5.
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CATEGORY | SUB-CATEGORY j COMMENT
Translation scale Independent to scale for face images greater than 25 pixels
wide
position The face image can be in any position in the image
orientation The face must be approximately within 15 degrees of the
vertical
Pose occlusion The eyes, nose and mouth must not be occluded
rotation Head can rotate by a small amount®
face tilt Eyes should level with the camera
Lighting level Independent to absolute image intensity level
direction There is a small tolerance to lighting direction®®
Noise camera The technique has been tested successfully on many cameras
intensity resolution || The images should have 16 grey levels or more
clutter Independent to background clutter
Artefacts moustaches Not tolerant
beards Not tolerant
| glasses Tolerant
sex Independent
Expression Requires a straight, expressionless face

Table 15: Comments and tolerances on the categories of constraints applicable to

facial images

Table 15 shows that the face locator is independent of scale, position, some head

movement, absolute lighting level, camera, background clutter, digitising equipment,

gender and faces with glasses. This shows a significant improvement in independence to

constraints to the face location techniques used by Kanade (1977), Brunelli and Poggio
(1992) and Jia and Nixon (1992) which require fixed scale and plain background.

This method was tested successfully on 86% of the ‘non-rotated’ faces in the face bank
and 58% of the faces in the test database. As described in section 5.5.2 these results
compare favourably with other reported face location results. This suggests that the

25The amount of has not been quantatively determined

26The amount of has not been quantatively determined
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number of constraints required of face images has been reduced without resulting in

decreased peformance

The face location system has been tested on several computer systems. On a 386 20Mhz
PC the program takes about 1 minute. On a 486 33Mhz PC it takes about 15 seconds.
And on a SUN SparcStation LX it takes about 25 seconds. This is an improvement on
the deformable template eye locator reported by Yuille et al (1988) which takes about 5
minutes on a SUN4.

Future work on the face locator will be in improving the zone locators as previously
described and increasing the number of face features that are included in the control
structure. The eye proposers do not as yet provide a confidence value. For this reason
they are not included in the statistical part of the control structure. The face locator can
also be improved by adding extra feedback to reject output that is clearly not a face.
Work also needs to be carried out to reduce more of the image constraints, especially
pose, facial expressions, moustaches and beards. The face location system fails with faces
smaller than 20 pixels wide. This is because the features used to locate the face are too
small to be detected with the existing methods. A new technique needs to be developed
to find these small faces. This could be done by locating the body of a subject as well as
the face.

Specific enhancements of this face location technique can be made depending on the
application. If multiple images of a subject are available, as when video cameras are used,
the success rate can be improved by choosing the image that was located most
accurately. In a security entry application the lighting conditions can be controlled so as
to allow the program to be tuned within that limited environment.

6.4 Face recognition

A simple face recognition algorithm has been evaluated and found to work in a number
of tests. Although the face recognition results of various researchers cannot easily be
compared, the simple algorithm described has similar success rates to other reported
methods that do not use face location. Despite the fact that some of these algorithms use
neural networks, the template matching face recognition algorithm described produces
comparable results. It can be concluded from this and the evidence listed in chapter 2
that the face location algorithm is a necessary step in face recognition. Without knowing
exactly where all the features are on a face, knowing where the edges of the features are,
or knowing the shape of the features it is impossible to compare one face with another.
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6.5 Final remarks

This research has tackled many problems in designing a reliable unconstrained face
location system. The techniques that have been demonstrated reduce limits on the size,
scale and background clutter of the images containing faces to be located. A method for
locating the surfaces of objects has been proposed and successfully implemented,
especially for nose location. At the heart of the method are feature proposers looking for
local peaks and troughs in intensity on a grey scale image, and a statistical analyser,
called PRODIGY, that determines charactenistics of the reflective surfaces on human
facial features.

The basis of a robust face location system has been designed and demonstrated to
perform well on a random set of face images. The value of this system has been clearly
demonstrated in the development of a simple but effective face recognition system. The
research leaves open the path for many more research opportunities which will hopefully
succeed in fulfilling the long term goal of building an fully unconstrained face location
system.
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8. Appendix

8.1 Equipment Set Up

Vidi PC

Frame Grabber

Camera q

386 PC 25 Mhz PC

Borland C++ Compiler

Monitor

300 Megabyte

Hard Disk

8.1.1 Computing Equipment

The computer made available consisted of:

240 x 200 pixel display

e A 80386 based IBM PC compatible computer running at 20Mhz.
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o A 14 inch colour monitor capable of displaying images in 64 gray levels to a
resolution of 320x200 pixels.

e A 300 Megabyte hard disk.

As the PC can only display images up to a size of 320x200 pixels, which is a fairly low
resolution, it was decided that all the images used in this research would be 240x200
pixels?’. A 240x200 pixel picture, although an awkward size to process, gave a square
image on the screen. The architecture of the IBM PC and the compiler also limited the
image size because only arrays of up 64Kbytes were possible. A 240x200 pixel image
with 8 bits per pixel is 48000 bytes in size, which fits within these requirements. Because
the size of these images is small the computer could store many of them on the hard disk.

8.1.2 Imaging hardware
The imaging hardware available for this research consists of’

e Black and white camera with a composite video output, focus and aperture.
e  Green monitor to view the image from the camera.

L Vidi-PC frame grabber (Wilson, 1990). The frame grabber can grab images up to
1024x512 pixels with 16 grey levels.

The Vidi-PC frame grabber connected to the PC was simple one that only grabs
images in 16 grey levels, however, an algorithm scales the 1024x512 images to
240x200 images and simulates more grey levels by averaging pixel intensities?8. The
overall imaging hardware was of poor quality but suffices for much of the research.

Although the frame grabber can grab images at video rates the accompanying
software is slow and does not transfer the images to the computer at video rates.
The actual frame rate is about 2 frames per sec.

27The images consist of 256 grey levels (8 bits/pixel) even though the computer could only display 64

grey level.

28The image was first cropped to 960x400 pixels. Each block of four pixels was averaged to produce a

240x200 pixel image with 64 grey levels.
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8.2 Face bank created for the research

The face bank is a database of faces selected from the general public. The bank includes

a range of people as shown in table 16.

Name of face Sex Comment
Joy Female [ Poor quality
Morag Female | Poor contrast
Tracy Female

Alas Male

Musty Male

Jim Male

Deep Male Dark skinned
Kate Female

Thomas Male

Danny Male

Tony Male

Sheila Female

Steve Male

Andy Male

Table 16: List of faces in the facebank

There are eighteen pictures of each subject in the face bank. Each picture was stored
with a a name and number.

e.g. JOY1,JOY2,..., JOY18, MORAGI, etc.

On each face image 37 landmarks were located. Table 17 lists the chosen landmarks.
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1 nose: left of bridge

2 middle of bridge

3 right of bridge

4 bottom left

5 bottom middle

6 end of nose

7 bottom right

8 mouth; left

9 top lip, top middle
10 top lip, bottom middle
11 bottom lip, top middle
12 bottom lip, bottom middle
13 right

14 left eyebrow: left

15 top middle

16 bottom middle

17 right

18 left eye: left

19 left of iris

20 top of iris

21 middle of iris

22 bottom of iris

23 right of iris

24 right

25 right eyebrow: left

26 top middle

27 bottom middle

28 right

29 right eye: left

30 left of iris

31 top of iris

32 middle of iris

33 bottom of iris

34 right of irts

35 right

36 head: left at mouth level
37 right at mouth level

Table 17: The 37 points manually located for each image in the face bank

The 37 points were marked by hand with a mouse pointing device and the location

recorded in a file (See example in section 8.3). Where the landmarks were occluded due

to rotation or closed eyes, then they were approximated. For the TINY and MINUTE

images it is difficult to resolve all the landmarks around the eyes so they were just

positioned roughly.
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8.3 GFF image descriptor

To enable the exchange of images between various graphics platforms a graphics file
descriptor (GFF) was designed, which encompasses all the present graphics file formats
currently available. GFF primitives create a description file for each image in which is
stored the history of the image. The design of the GFF image loading and saving
primitives was such that they could determine the graphics format of the image file and
save or load in that format. The GFF primitives also updates the description file if any
changes are made to the image.

Initially all the images attached to the GFF descriptors were GIF files?®. The GIF
primitives compress the images while saving and loading. Although this compression
saved considerable space the code to perform this compression was slow. Therefore,
later on in the research, the face processing algorithms worked with RAW30 image files,
which despite taking up more space, load and save quickly3!!

The follow text is the sample contents of a GFF image file descriptor. A face data
descriptor is also attached to all the image files in the face database.

#%Date of creation of GFF file image descriptor

17/03/91

#Last modification to image - 8 character code

Original

#60 Characters of description ----> up to this bracket]
Joy 4

#One line description

29GIF stands for Graphics Interchange Format. The C software routines to handle these files are public
domain (Elber, 1989)(Compuserve, 1987).

30RAW image files contain only the image data with no header files. To read a RAW image file the
computer must know the size of the image. A 240x200 pixel image with 8 bit/pixel is exactly 48000

bytes in size.

31In about 0.25 secs as averse to 1.5 secs
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#Brief three line description
#Description of the image - maximum 6 lines
#History of the image after creation
#Comments about the image
@QREnd of GFF file image descriptor
{ facedata

nose: left of bridge

120 75

nose: middle of bridge

124 73

nose: right of bridge

127 74

nose: bottom left

117 92

nose: bottom middle

125 94

nose: end of nose

125 91

nose: bottom right

133 91

mouth: left

116 104

mouth: top lip, top middle
125 101

mouth: top lip, bottom middle
125 103

mouth: bottom lip, top middle
125 104

mouth: bottom lip, bottom middle
125 107

mouth: right

137 104

left eyebrow: left

102 69

left eyebrow: top middle

110 66

left eyebrow: bottom middle
110 69

left eyebrow: right

118 67

left eye: left

104 77

left eye: left of iris

108 75

left eye: top of iris

111 72

left eye: middle of iris

111 74

left eye: bottom of iris

111 76

left eye: right of iris
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113 74

left eye: right

117 74

right eyebrow: left

129 67

right eyebrow: top middle
135 65

right eyebrow: bottom middle
136 68

right eyebrow: right

145 67

right eye: left

131 74

right eye: left of iris
135 74

right eye: top of iris
137 72

right eye: middle of iris
138 74

right eye: bottom of iris
138 76

right eye: right of iris
140 74

right eye: right

145 175

head: left at mouth level
104 104

head: right at mouth level

152 103
}



8.4 Paper 1

This paper was presented at a Workshop called Neural Networks, Genetic Algorithms
and Simulated Annealing, Glasgow 1990.



