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1 Introduction

The full face detection and gender recognition system de-
scribed here is made up of a series of components con-
nected in both serial and parallel, as illustrated in Figure2.
The successive stages are explained in detail in the body
of this report.

2 Colour-based segmentation

The first step in this face detection algorithm is that of
colour segmentation. The goal is to remove the maxi-
mum number of non-face pixels from the images in or-
der to narrow the focus to the remaining predominantly
skin-coloured regions.

2.1 Colour space selection

The first step in performing colour-based segmentation
is choosing an appropriate colour space in which to op-
erate from the wide variety of choices such as RGB,
HSV, CMYK, YCbCr, etc [1]. Of these, RGB (red-green-
blue) and HSV (hue-saturation-value) have been the most
widely used. Figure 1 illustrates the geometries of the two
spaces.

By way of example, HSV representation has certain ad-
vantages over RGB when it comes to face detection. As
Garciaet al [2] note, skin colours are sensitive to the light-
ing condition. In the RGB space, each of the three com-
ponents may exhibit substantial variation under different
lighting environments. In HSV space, however, the hue
and saturation components are virtually unchanged.

Figure 3 shows the histograms of RGB component val-
ues of both face and non-face pixels over all seven training
input images. Similarly, Figure 4 shows the histograms of
the same images in HSV space, where the S component
and in particular the H component are well-clustered for
face-pixels, while H and S are spread over a wide range
for the remainder of the image. This observation favours
using an HSV colour space if only a simple thresholding
colour segmentation is desired.
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Figure 1: The RGB and HSV colour models.
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The same is true of the YCbCr colour-space, but the
clustering does not quite as readily lend itself to projection
onto the axial dimensions, and hence requires a somewhat
more complicated 2D basis for segmentation.

Manual segmentations of this type suffer as a conse-
quence of approximating a complex bounding region us-
ing simple geometric relations. Given that the unknown
images were taken in similar lighting and with similar
equipment to the training images, a probability-based seg-
mentation may be used.

In this case, the choice of spatial domain is not as sig-
nificant. However, the fundamental characteristics of a
colour space can complicate processing — for example,
the non-Cartesian nature of the HSV colour cone indicates
that non-uniform quantization may be appropriate.

2.2 Probability-based classification

Due to the large number of pixels in the training images,
there is enough data to create a reasonable estimate of the
underlying probability density functions for both face and
non-face skin colours. Let

fX(x|X ∈ Φ)

be the colour space probability density function for a pixel
vectorX in the set of face pixelsΦ; the vector components
Xi represent the colour components — R, G and B in this
case. Similarly, let

fX(x|X /∈ Φ)

be the probability density function for non-face skin pix-
els. These two density functions can be estimated from
the empirical distribution of the pixels in the training im-
ages.

Conversely, let the probability that a given colour pixel
is part of a face be

pX(X ∈ Φ|X = x).

The Bayesian formula [5] gives

R =
pX(X ∈ Φ|X = x)

pX(X /∈ Φ|X = x)

=
fX(x|X ∈ Φ)

fX(x|X /∈ Φ)
×

πΦ

πΦ̄
(1)

whereπΦ andπΦ̄ are the prior probabilities of a randomly-
selected pixel falling in a face or the background, respec-
tively. Without further information, the ratio ofπΦ

πΦ̄
can be

estimated from the ratio of the total number of face pixels
to the total number of non-face pixels.

For convenience, Equation 1 may be reformulated as

logR = log
pX(X ∈ Φ|X = x)

pX(X /∈ Φ|X = x)

= log
fX(x|X ∈ Φ)

fX(x|X /∈ Φ)
+ log

πΦ

πΦ̄
. (2)

If the prior information is known, the classification rule
would normally be:

X ∈ Φ R ≥ R0 = 1, i.e. logR ≥ logR0 = 0

X /∈ Φ otherwise.

However, the prior information is not necessarily avail-
able; conversely, in many situations it is desirable to ad-
just the classification thresholdR0. For example, since in
this approach colour-based segmentation is used for sub-
sequent face detection, it is desirable to bias towards mis-
classifying a non-face pixel as a face pixel rather than the
reverse. Consideration of these factors yields the follow-
ing classification rule

X ∈ Φ log
fX(x|X ∈ Φ)

fX(x|X /∈ Φ)
+ α ≥ 0

X /∈ Φ otherwise, (3)

where
α = log

πΦ

πΦ̄
− logR0 (4)

is the undecided parameter to be chosen.
A range of values forα for image pixel classification in

both RGB and HSV space were evaluated, the results of
which are shown in Figure 5. The total classification error
is composed of false positive error (mis-classifying non-
face pixels as face pixels) and false negative error (mis-
classifying face pixels as non-face pixels).

The two sub-figures are quite similar. The false nega-
tive error increases withα, while false positive error de-
creases with increasingα. The total error reaches mini-
mum atα = 3. This optimal value ofα is supported by
the observation that, over all 7 training images, the ratio
of the total number of face pixels to non-face pixels is
roughly 1

16; log 1
16 = −2.77.

Because this colour-based segmentation is only the first
step in the larger face detection algorithm, it is best to re-
tain as many face pixels as possible, minimizing false neg-
ative error (even at the cost of including additional non-
face pixels), leading to the chosen value ofα ≈ 2.

Although the performance differences between RGB
and HSV colour space are quite small, RGB is nonethe-
less superior [3], and that was the colour space chosen for
this algorithm.

In practice an empirical histogram derived from man-
ual image segmentation is somewhat noisy. As Figure 6
shows, it has rough edges and isolated bins that are not
likely features of the true distribution. In addition, pixel
value noise in unknown images may cause marginal pix-
els to “skip” out of the histogram bin in which they should
fall — abrupt discontinuities in the estimated histogram
will exacerbate this problem.

The solution is to filter the empirical histogram to
smooth out the transients locally, but without losing the
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Figure 3: Face and non-face histograms of the RGB colour components, computed over all 7 training images.
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Figure 4: Face and non-face histograms of the HSV colour components, computed over all 7 training images.
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Figure 5: Classification error versusα, determined by
testing all 7 training images in both RGB and HSV colour
space. The classification errors can be decomposed into
false positive errors and false negative errors.

macroscopic detail. This was performed by convolution
with a 3D Gaussian kernel, and the effects are shown in
Figure 7.

Figures 8 and 9 show the colour segmentation results
for training images #1 and #2 respectively. It can be seen
that the classification algorithm preserve almost all the
face pixels. Retention of the exposed arms and hands,
the colour statistics of which are very close to those of the
faces, is unavoidable at this stage. Some very small ob-
jects are also included due to their colour properties. In
Figure 9, some significant areas of clothing (weakly con-
nected) are included.

3 Non-face background removal

The colour segmentation algorithm performs as desired,
but some unwanted background objects, such as hands,
arms, and clothing patches, are too similar to facial skin
tones to omit in this way. Object features such as size,
location, and shape were used to eliminate these objects
using morphological processing. Morphological process-
ing was also used to “repair” facial periphery suffering
from false-negative mis-classification errors. The goal of
this step is to supply a “clean” segmentation to later pro-
cesses. The amount of morphological processing is there-
fore minimal and conservative.

3.1 Image preprocessing

This step is carried out using a minimal amount of mor-
phological processing. Given the image segmentation, the
smallest objects are first removed; a closing operation is
then performed, and the next smallest objects are then re-
moved. A more aggressive closing operation follows, suc-
ceeded by a modest erosion. At this point all other objects
smaller than the minimum face area are removed. Figure
10 shows the results at each step. The maximum size of
object to be removed was experimentally determined as
described below.

3.2 Location-based small object removal

The faces in the training sets are of very different sizes,
due to variations in distance from the camera and, more
importantly, due to partial faces. Figure 11 shows the face
size statistics. All (partial) faces are larger than 500 pixels
in area. In fact all but two faces are larger than 600 pixels;
the mean face size is 1633 pixels. These statistics are the
basis for a threshold of 500–550 pixels for removing small
background objects.

The vertical locations of faces are clustered at around
20–50% of the distance from the top edge of the image.
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Figure 6: Raw unfiltered 3D RGB face-pixel histogram derivedfrom the training images. Only points where the face-
pixel bins contained more entries than the non-face-pixel bins are shown. Black represents the lowest values, with
progressively higher values represented by blue, cyan, green, yellow, red and finally magenta; the bin size is 4.
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Figure 7: The smoothed RGB face-pixel histogram. Only points where the face-pixel bins contained more entries than
the non-face-pixel bins are shown. Black represents the lowest values, with progressively higher values represented
by blue, cyan, green, yellow, red and finally magenta; the binsize is 4.
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Figure 8: Colour segmentation of training image #1.

Figure 9: Colour segmentation of training image #2.
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(a) Colour segmentation

(b) Morphological closing

(c) Morphological erosion

Figure 10: An example showing the results from each step
of background-removal processing (the face fragment at
the bottom-right is removed by operation on the clipped
image).
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Figure 11: Face size histogram and the modelled Gaussian
PDF fit to this data, computed over all 7 training images.

Figure 12(a) shows the histogram of the face pixels’ ver-
tical locations. The histogram is narrow and peaked, and
drops to zero below 60% of the total image height. Based
on these statistics, larger objects that reside in the upper
and lower portion of the image may be removed. How-
ever, this step should not be too aggressive, because the
face detection performance will be very poor in the event
that the faces in the testing image has significantly differ-
ent spatial distribution to that of the training set.

Figure 12(b) shows the smoothed PDF curve generated
by convolving with a Gaussian with large standard de-
viation (σ = 0.3×total image height). Motivated by the
observation that the faces at the top (back) of the image
are smaller than those that are lower (nearer the front), a
“location correction curve” was implemented based on a
modified version of the smoothed PDF. This curve can be
used to modify the threshold at which small objects are
removed: for example, the basic threshold of 500 pixels
grows to 500×3 = 1500 pixels at the bottom edge of the
image frame.

3.3 Principal component analysis-based ob-
ject removal

A significant portion of the remaining background ob-
jects, such as arms, are thin and long. The aspect ratio of
these objects may be found to selectively remove them. In
order to handle rotated, non axially-aligned objects, prin-
cipal component analysis is used to estimate the aspect
ratio.

Given the a binary image ofe.g. an arm with an area of
N pixels, vertical coordinatesxN×1, and horizontal coor-
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Figure 12: Face vertical location statistics (above) and the
derived face-location correction-factor curve (below).

dinatesyN×1, let

AN×2 =
[

xN×1 yN×1
]

.

The application of singular value decomposition to the
matrixA gives

AN×2 = UN×2D2×2VT 2×2

D =

[

D1 0
0 D2

]

V =
[

V1 V2
]

,

whereD1 andD2 are the major and minor singular val-
ues ofA, andV1andV2 are its major and minor principal
directions, respectively.

Once the singular values and principal directions have
been computed, the estimated aspect ratioD1

D2
is known.

The major principal vectorD1V1 also gives the prin-
ciple length of the object. Knowing this information,
long, high-aspect-ratio objects may be selectively re-
moved from the image. Figure 13 shows an example
of principal component analysis on an arm object after
colour segmentation of an image.

3.4 Final image after background object re-
moval

Figures 14 and 15 show the final image after the full back-
ground object removal sequence. The results are now suit-
able to supply as input to the next stage for further analy-
sis.

4 Connected-component analysis
and face detection

A multiple-layer face classifier was implemented using
template matching. The template used is the average of
all the faces. However, a simple convolution of the origi-
nal image with the template will not detect all the faces
without introducing a significant number of false posi-
tives or missing some number of faces. This has several
causes: faces have different sizes depending on their dis-
tances from the camera; some faces are rotated; and there
are structures in the images that are similar enough to the
faces to produce comparable peak convolution values. It
is therefore advantageous to identify the face candidates
as accurately as possible first.

4.1 Connected-component analysis

Following histogram-based colour segmentation, the im-
age is then subject to a series of low pass filtering, hole-
filling and erosion steps. This stage is optimized to keep
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(a) An arm object after colour segmen-
tation

(b) The binary image of the arm
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Figure 13: Principal component analysis is used to selec-
tively identify and remove long, thin objects.

Figure 14: Final segmentation results after background
removal for training image #1.

10



Figure 15: Final segmentation results after background
removal for training image #2.

Figure 16: A loosely-connected region, before and after
connected component analysis.

the non-skin areas as small as possible. After removing
the non-face background as described in the previous sec-
tions, the face areas can be successfully identified.

Unfortunately, some faces are connected: in fact, about
half of the faces in the training images are connected to
some degree after this initial step. The connected areas are
labelled, sorted by their sizes, and fed into the connected
component analysis stage.

The width of a connection is usually narrower than that
of the face itself: further erosion is required to break up
those connections. Homogeneous erosion will eventually
break up weak connections, but it will also erase small
faces. An iterated, spatially-variant algorithm was there-
fore implemented: it includes a combination of dilation
and erosion operating on only the potentially connected
faces.

The algorithm was trained to find the most likely con-
nected faces. This is accomplished by analyzing the posi-
tional and size distribution of the faces. By using different
size criteria for the upper and lower regions of the face
clusters, connected faces can be located. Iterated erosion
and dilation are performed on each possibly connected
group of faces until its size is reduced below a thresh-
old. Since dilation and erosion are not mutual inverses,
this iteration will eventually break up a loosely connected
region without completely erasing the faces. A compari-
son of faces both before and after connected component
analysis is shown in Figure 16.

4.2 Template matching

After connected component analysis, all the faces in the
training images have been separated. A few non-face ob-
jects are left. These face candidates are convolved with
the template, and the peak value is computed. This value
is used to exclude those potential non-face objects. Be-
cause the majority of non-face objects have been removed
by preprocessing, this step is only used in a few occasions,
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Figure 17: Face candidates prior to template matching.

Figure 18: A potential double-counting error due to the
disconnected neck segment below the primary face object.

for example, to remove the roof and clothing regions. A
set of sample face candidates is shown in Figure 17.

4.3 Repeated face correction

Iterated erosion and dilation can successfully break up
loosely-connected faces, but it can also break one face up
into separate objects, introducing a double-counting error;
a typical situation is shown in Figure 18.

To solve this problem, the location of each newly-
identified face is compared to the previously detected
faces. If it is within the range of any other faces, then it
is labeled as a repeated face and disregarded. In this way
double counting was eliminated for all 7 training images.

4.4 Robustness

To improve the robustness of this face-classification algo-
rithm, a second version is implemented in parallel using
more conservative parameters than the more aggressive
version described above. In the end, the results of the two
algorithms are compared based on the number of faces de-
tected, and one is chosen as the final result. If the number
of faces detected by both these methods is implausible,
the system falls back to face detection by pure template
matching as described in the following section.

5 Face position refinement

Image segmentation and analysis is very effective at find-
ing both whole and partial faces in the image. Its weak-
ness however, is that it is is not good at finding the mid-
point of a face — since faces are often at angles to the
camera, the side of the face or neck is frequently added to
the region, biasing the estimation of the centre. In order
to to more accurately locate face centres, a pyramid-based
template-matching subsystem was developed.

5.1 Pyramid-based template matching

The input image is converted to greyscale and succes-
sively sub-sampled over a range of sizes spaced 20%
apart. Normalized cross-correlation is then performed us-
ing a constant-size average-face template to locate peaks
corresponding to faces.

In order to maximise the accuracy of the template, the
eye locations of each face in the input image were marked
manually; this information was used to extract an aligned,
rotation-free version of each face, scaled to a standard res-
olution.

An oval mask was applied to the average face image in
order to screen out background effects, as shown in Figure
19.

Following correlation, the maximum peak that inter-
sects with each colour-segmented face is chosen as the
face centre, and all other peaks within a face-sized radius
are removed. Since the centre of the template corresponds
to the bridge of the nose, this operation very often lo-
cates the centre of the face; a high threshold is used to
screen out unreliable results, as the morphological centre
is more likely to be accurate in such cases. The result-
ing co-ordinates are then forwarded to the last stage for
integration into the final results.

5.2 Robustness extension

This system also functions as a robust backup, should the
connected-component analyses fail to perform reliably. In
such a case, template matching is performed using a lower
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Figure 19: The masked overall average face template and
the average face templates for each of the three girls.

threshold to locate as many faces as possible while min-
imising false positives; while the centre-finding accuracy
is lower, a larger number of faces is typically found.

5.3 Gender recognition

The final extension of the template-matching subsystem
is used for gender recognition. Average templates of each
female are used to attempt to locate their faces. How-
ever, due to the high likelihood of false positives given the
small number of female faces (one in nine), the thresh-
old is particularly conservative in order to prevent find-
ing more false positives than genuine female faces. These
templates are shown in Figure 19.

6 Results

Our program successfully detected all faces for all the
training images. The results for training image #4 are
shown in Figure 20, and comprehensive detailed statistics
are shown in Table 1.

This system has been shown to be an effective face de-
tector with gender recognition capability. While its per-
formance on further test data is as yet unknown, we are
encouraged by its results to date.

7 Contributions

All ideas were discussed within the group and roughly
equal participation was made by each member.
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Table 1: Final algorithm evaluation results for 7 training images. Distance (average deviaton from face centre) is
computed based on the original image dimensions. Bonus is a function of the number of girls that the algorithm
identified correctly.

Image Number of Hits Repeated Hits False Positives Distance(pixels) Run Time (s) Bonus
1 21 0 0 11.1 91 2
2 24 0 0 15.6 90 2
3 25 0 0 10.5 97 0
4 24 0 0 11.8 97 1
5 24 0 0 10.7 103 0
6 24 0 0 9.6 94 0
7 22 0 0 11.2 88 1

Average 23.4 0 0 11.5 94 0.86

Figure 20: Face detection results for training image #4.
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