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Abstract

The main subject of this thesis is the identification of hairs in a series of digital
images taken from a beard at different time moments. To identify hairs in dif-
ferent images, hair has to be extracted from the skin(background) by means of
image segmentation. In this thesis, we present algorithms of image segmen-
tation which are suitable for our series of digital images. After image segmen-
tation, the length, the diameter and the major axis of each hair are computed.
Based on the computed length, diameter and direction of each hair, a hair is
modeled as a rectangle and in this way a beard model image (an artificial black
and white image) is created. The beard model images are used for the identifi-
cation of hair. It turns out that the relation between two consecutive images is
highly nonlinear and locally depending, so a global correlation method can not
be used. We introduce a matching method based on an appropriate partition of
a beard model image into blocks (subimages). This matching method take into
account both global and local displacements between two consecutive images.
With help of this method we were able to identify approximately 70% of the
hairs in the two images. Applying the method to a time series of images, it is
possible to compute the hair grow rate of a single hair in a beard.
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Chapter 1

Introduction

1.1 Project Description

The goal of this final project is to measure the growth rate of beard hairs from
a given series of gray scale pictures taken from a man’s face at different time
moments, as shown in Figure1.1 and Figure1.2.

This project is divided into two main parts. The first part is devoted to the
computation of the length and diameter of each hair in a beard at a given time
moment. The second part concerns the identification of hairs in a time series
of pictures taken at different moments. Then by plotting its length as a func-
tion of time, the growth rate of an individual hair can easily be estimated (as
shown in figure 1.3). By applying an extrapolation method we are able to find
the length at t = 0 (the moment immediately after shaving), which gives an
indication of the quality of shaving.

In the first part, a segmentation algorithm has to be applied to isolate hairs
from the skin(background). There exist various segmentation algorithms and
we found out that adaptive thresholding is suitable for our case. After segmen-
tation, the obtained binary image still contain the information of hairs we need.
Then we can count the number of hairs and calculate the length and diameter
of hairs based on this binary image by use of a least square method.

In the second part, a matching method is applied to identify the same hairs
in the given time series of images. Actually, the identification is the backbone
of the project and the most complicated part. The reason is that the relative
position of a single hair in the time series of images could be changed globally
and locally, because of the changes of the camera positions and the elasticity of
the skin. Since even after segmentation the resulting images still contain a lot
of hair information, the identification problem is still complicated. We must
create a beard model image (an artificial image) to reduce these information so
that the matching process could be performed more easily. To find out the local
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(a) The image of 12 hours after shaving

(b) The image of 20 hours after shaving

(c) The image of 35 hours after shaving

Figure 1.1: A series gray scale images taken from a man’s face at different mo-
ments after shaving 2



(a) The image of ee

(b) The image of twee

Figure 1.2: A series gray scale images taken from a man’s face at different
moments after shaving
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Figure 1.3: The line of hair growth rate

changes,i.e. the local displacements of two images taken at two consecutive
time moments, an image will be partitioned into blocks (rectangles) of an ap-
propriate size. Our technique of processing these blocks will lead to a series of
corresponding subareas of the two images, in which the individual hairs could
be found by a simple correlation method.

To validate our method, we choose two images that were taken at almost same
time for test. For the two images, the hair growth rate should be zero. If we
apply our algorithms to the two images and get the zero hair growth rate, it
proves that our algorithms are correct.

1.2 Outline of this thesis

In Chapter 2 we introduce some preliminaries of digital image processing. Im-
age segmentation methods is then discussed, in which thresholding play an
important role. One of the image segmentation methods, the so-called Otsu’s
method, which is used in this project, is explained in detail. At the end of Chap-
ter 2, we compute the direction and length of a hair in a segmented black and
white image by using a least square method (the hair measurement).

Chapter 3 we apply the results of Chapter 2 to a given time series of images.
We describe in detail how the procedure of segmentation and the hair measure-
ments for the given series of images is carried out. Firstly we convert the whole
image into subimages (blocks) of different sizes with only one hair in it. Then
each block will be segmented separately and the hair in it will be measured.
Finally, we fine tune our measurement method by a step function fitting to get
better estimates for the length and additionally for the diameter of each hair.

In Chapter 4 an artificial black and white image, a beard model image, is cre-
ated, in which the hairs are represented by rectangles of a given size and direc-
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tion corresponding to the given parameters.

In Chapter 5 we carefully inspect a given time series of images for the sake
of finding an appropriate matching method for the corresponding time series
of beard model images. To match two consecutive bear model images, we need
a reference hair in the first image and a reference hair in the second image
stemming from the same individual hair in a beard. Then the second image
is superimposed on the first image such that the reference hairs coincide. Our
purpose is to identify corresponding hairs of the now created overlapping part
of the two images. This will be done by first partitioning the overlapping parts
into blocks of a suitable size. For each block, being part of the first image, we
try to find a subimage, again a block of a possible different size, in the second
image corresponding to it, i.e. containing the same hairs as the block in the
first image. A simple correlation method is then be used to match the hairs of
the two blocks.

This project is carried out in Care and Health Applications, one group of Philips
Research, who develops electric appliances for personal care, such as electric
shavers. The project is imbedded into the overall task to measure the quality of
electric shavers by estimating the effect of shaving with use of image analysis.

5



Chapter 2

Digital Image Processing

In this chapter we introduce some basic concepts regarding digital images.
Then principles and techniques of some image processing applications are pre-
sented. We deal with the concept of image segmentation and explain in more
detail segmentation methods based on thresholding. At the end of this chapter
a least square method is described to measure the length, diameter and major
axis angle of a hair.

2.1 Elements of Digital Image Processing

Let us start with the notion of gray scale images. A gray scale image is defined
as a function f (x, y) defined on a bounded region D, where x and y are the
spatial coordinates. The value f (x, y) represents the intensity of the image at
the point (x, y). The term gray level is used often to refer to the intensity of
monochrome images.

If we digitize the coordinate values, which is called sampling, and also the func-
tion values, which is called quantization, then the original image is converted
to a digital form. Thus, when x , y and the values of f (x, y) are all discretized
quantities, we call the image a digital image[2]. Note that a digital image is com-
posed of a finite number of elements, each of which has a particular position
and value. These elements are referred to as image elements, which is abbre-
viated by the word pixel[2]. Pixel is the term most widely used to denote the
elements of a digital image. For gray scale images, the pixel value is typically
an 8-bit data value with a range of 0 to 255.

The result of digitizing an image is a matrix of real numbers. Assume that
an image f (x, y) is sampled so that the resulting image has M rows and N
columns. We say that the image is of size M × N . For notational clarity and
convenience, we use integer values for these discrete coordinates. This coordi-
nate convention is shown in Figure 2.1. Note that x ranges from 1 to M , and y
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from 1 to N , in integer increments.
According to the coordinate system in Figure 2.1, a digitized image can be

 

 

 

1  2  3  N 

2 

3 

M 

Figure 2.1: Coordinate Conventions

represented as the 2D-array or matrix:




f (1, 1) f (1, 2) · · · f (1, N )
f (2, 1) f (2, 2) · · · f (1, N )
...

...
...

f (M, 1) f (M, 1) · · · f (M, N )




where each element of this array is called a pixel.

2.2 Image Segmentation

To analyze certain objects in an image it is essential that we can distinguish
them from the background, which is the rest of the image when the objects are
removed. The techniques to find the objects of interest are usually referred to
as segmentation techniques; segmenting the foreground from the background.
Segmentation accuracy determines the eventual success or failure of object
analysis in an image because many other applications of image processing,
such as object measurement or identification, is based on segmentation.

2.2.1 Segmentation Methods

There are many ways for image segmentation. Basically, they can be classified
into three categories calling: region approach, edge approach and boundary
approach[1]. We describe these three categories as follows:

Region approach:

7



The principal feature of this category is thresholding. An object is simply de-
scribed as the set of pixels having a gray value at or above(or below) the thresh-
old gray level . All pixels with gray level below(or above) the threshold fall
outside the object.
Thresholding is an extremely effective approach for image containing solid ob-
jects resting upon a contrasting background.
The thresholding algorithms can be global or local.

• Global Thresholding:
The value of the threshold gray level is held constant throughout the im-
age. If the background gray level is reasonably uniform and if the objects
have approximately equal contrast to the background, then a fixed global
threshold will usually work well.

• Local Thresholding:
This is also called adaptive thresholding[4][5]. When the background gray
level is not constant and the contrast of objects varies within the image, it
is convenient to use a threshold gray level that is a slowly varying function
of position in the image.

Edge approach:
In this method, each pixel and its immediate neighborhood pixels are inspected
to determine whether a pixel is on the boundary of an object. But these seldom
creates closed and connected boundaries, which are normally required for im-
age segmentation. Since an edge is a jump in intensity in a certain direction,
the edge points can be regarded as points in an image where discontinuity
occurs. These discontinuities are detected by using first- and second-order dif-
ference schemes.
There are several well known methods in this category such as Roberts Cross,
Sobel, Prewitt and Canny [1].

Boundary appraoch
In this approach, points with high gradient magnitudes are suspicious to be
boundary points. There are three such methods: boundary tracking, gradient
image thresholding and Laplacian edge detection[1].

2.2.2 Thresholding

The segmentation algorithm we would like to use, must be suitable for our
given series of beard images. We describe the characteristics of these images
as follows:

• The digital image is a gray scale image.

8



• The image contains solid and discrete objects(beard hairs) resting upon
a contrasting background(skin).

• The background gray level varies due to a nonuniform illumination and
the beard hairs gray level are also not constant.

• The contrast between the background and individual beard hairs varies
locally.

• The beard hairs in the real image appear to have arbitrary shapes, but
they like to be rectangles.

• Beard hairs gray level in bright area are probably equal to or greater than
the background gray level in dark area.

All in all, these images display solid objects(hairs) resting upon a contrasting
background(skin). So all the pixels in an image can approximately be divided
into two groups, one representing the hairs and the other the skin. We know
that a thresholding method works well if the objects of interest have relative
uniform interior gray level and rest upon a background of different, but ap-
proximate uniform gray level.

By observing our beard images carefully, we found that the gray level in the
background depends on the various positions in the image, as well as the con-
trast of the hairs. Hence, we have to choose threshold values corresponding to
different places in the image.

Next, we describe how to select an adequate threshold value. The starting point
is the gray level histogram of the image.

Gray Level Histogram

For a digital image, the gray level histogram is simply a function, H(g) say,
displaying the number of pixels at each gray level g. Specifically, the abscissa
is the gray level set (0-255) and the ordinate counts for the number of pixels [1].
Figure 2.2 shows an example of a gray level histogram.

A gray level histogram is a non negative univariate function H(g), which
can be normalized by dividing it by its integral, which produces the probability
density function of the image.

Strategies for threshold value choice

Now, we start to discuss how to determine the threshold gray value based on
typical forms of the histograms. First, we consider the "ideal" case in which the
histogram has a relatively deep and sharp dip between two peaks representing

9
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Figure 2.2: An example of a gray level histogram

an object and the background as shown in figure 2.3. Such a "bimodal" his-
togram will occur in case an image contains a light object with relative uniform
gray level on a dark even background.

Specifically, the dark pixels in the background produce the leftmost peak and

Figure 2.3: The bimodal histogram

the light pixels in the object produce the rightmost peak in the histogram. The
dip between the two peaks corresponds to the relatively few middle gray level
pixels around the edge of the object. Because of the definition of the histogram
function, the area A of an object,i.e. the total number of pixels belonging to the
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object, defined by a gray level threshold k equals:

A(k) :=
∑

g≥k

H(g). (2.1)

From the figure 2.3, we can see that increasing the threshold from k to k +1k
causes only a slight decrease of A(k) if k belongs to the dip in the histogram.
Therefore, choosing a threshold gray level in the area of the dip will produce a
reasonable estimate for the gray level at the boundary for the object.

Otsu’s Method

In our thesis, we use Otsu’s method[3] to seek a threshold value in the dip
between the two peaks in the histogram. This method provides a feasible and
automatical technique to select the threshold value in general cases. Before we
describe Otsu’s method, some preliminary notions need to be introduced.
If an object in an image is given in a specific way by saying that it contains
all the pixels having gray levels from a prescribed subset of gray values, say G
then the mean gray level mG of the object can be derived from the histogram
function H(g) as follows:

mG =
1

NG

∑

g∈G

gH(g) ,

where NG is total number of pixels of the object. Hence

NG =
∑

g∈G

H(g) .

In the ideal setting of our problem of hair detection, we would like to define the
hair pixels as those pixels with gray level g ≤ k for a certain threshold value k
and the background, i.e. the skin pixels, by the complement (g > k). Our image
is now separated in two classes, depending on the choice of k. We shall denote
the class of hair pixels by C0 and the skin pixels by C1. In these notations, we
suppress the dependency on k. Now, the mean values of these two classes are

µ0 =
1

N0

∑

g≤k

gH(g) , µ1 =
1

N1

∑

g≥k+1

gH(g) ,

where N0 =
∑

g≤k H(g) and N1 =
∑

g≥k+1 H(g) are the total number of pixels
in class C0 and C1 respectively.
The mean gray level for the whole image is denoted by µ, i.e.

µ = 1
N

L−1∑

g=0

gH(g) .
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where N = N0 + N1 and {0, 1, . . . , L − 1} the possible set of gray levels of the
image.

In our further description of Otsu’s methods, we prefer to use the normalized
histogram H(g)/N , because then the histogram can be interpreted as a 1-D
density function of a discrete stochastic variable with the discrete probabilities
pi given by

pi = H(i)/N . (i = 0, . . . , L − 1)

By setting ω0 = N0/N and ω1 = N1/N , we can easily verify the following
relations

ω0 + ω1 = 1 , ω0µ0 + ω1µ1 = µ .
The variance σ 2

0 and σ 2
1 of the two classes are

σ 2
0 =

k∑

i=0

(i − µ0)
2 pi/ω0 ,

σ 2
1 =

L−1∑

i=k+1

(i − µ1)
2 pi/ω1 ,

The total variance of the complete image is

σ 2
T =

L−1∑

i=0

(i − µ)2 pi .

The following basic relations holds:

σ 2
T = σ 2

W + σ 2
B , (2.2)

where

σ 2
W = ω0σ

2
0 + ω1σ

2
1 ,

σ 2
B = ω0ω1(µ1 − µ0)

2 .

Next, we prove equation 2.2.
Proof:

12



σ 2
0 =

k∑

i=1

(i − µ0)
2 pi/ω0

=
k∑

i=1

i2 pi/ω0 − 2µ0

k∑

i=1

i pi/ω0 + µ2
0

k∑

i=1

pi/ω0

=
k∑

i=1

i2 pi/ω0 − 2µ0µ0 + µ2
0ω0/ω0

=
k∑

i=1

i2 pi/ω0 − µ2
0 , (2.3)

Similarly, we can get

σ 2
1 =

L∑

i=k+1

i2 pi/ω1 − µ2
1 ,

Since

σ 2
T =

L∑

i=1

(i − µT )
2 pi

=
L∑

i=1

i2 pi − 2µT

L∑

i=1

i pi + µ2
T

L∑

i=T

pi

=
L∑

i=1

i2 pi − µ2
T , (2.4)

we get
L∑

i=1

i2 pi = σ 2
T + µ2 ,

Then, we have

ω0σ
2
0 + ω1σ

2
1 =

k∑

i=1

i2 pi +
L∑

i=k+1

i2 pi − ω0µ
2
0 − ω1µ

2
1

= µ2
T + σ 2

T − ω0µ
2
0 − ω1µ

2
1

= (ω0µ0 + ω1µ1)
2 − σ 2

T − ω0µ
2
0 − ω1µ

2
1

= (ω2
0 − ω0)µ

2
0 + (ω2

1 − ω1)µ
2
1 + 2ω0ω1µ0µ1 + σ 2

T

= −ω0ω1µ
2
0 − ω0ω1µ

2
1 + 2ω0ω1µ0µ1 + σ 2

T

= −ω0ω1(µ1 − µ0)
2 + σ 2

T

= −σ 2
B + σ 2

T , (2.5)
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Hence, we obtain the final relation:

σ 2
W + σ 2

B = σ 2
T

which proofs our equation (2.2).

With respect to the two classes the number σ 2
W is called the within class vari-

ance, σ 2
B the between- class variance and σ 2

T the total variance. Recall that all
these quantities depend on the choice of the tresshold value k. Below, we collect
the important relaties for these quantities, which are contained in the proof of
the equation (2.2).

The within-class variance of levels σ 2
W :

σ 2
W = ω0σ

2
0 + ω1σ

2
1 , (2.6)

The between-class variance of levels σ 2
B :

σ 2
B = ω0(µ0 − µT )

2 + ω1(µ1 − µT )
2 = ω0ω1(µ1 − µ0)

2 , (2.7)

The total variance of levels σ 2
T :

σ 2
T =

L∑

i=1

(i − µT )
2 pi . (2.8)

The number σ 2
W describes the deviation of individual sample from mean value

within classes. The number σ 2
B shows the spread between different classes.

The larger σ 2
B is, the more the two classes can be separated. The number σ 2

T is
the total variance of levels and is independent of k.

In Otsu’s method, the strategy is to choose a threshold k∗ that maximizes σ 2
B or

equivalently minimizes σ 2
W . Hence,

σ 2
B(k
∗) = max1≤k<Lσ

2
B(k) (2.9)

We explain now why the minimization of σ 2
W will give a suitable threshold

value.

At first, consider the extreme case, where σ 2
W = 0. Since, σ 2

W = ω0 σ
2
0 + ω1 σ

2
1

there is no deviation within the classes (we assume ω0 ω1 6= 0) and all the sam-
ples coincide with the two mean values of the classes. As shown in figure2.4,
the two classes are perfectly separated. In the other extreme case, σ 2

B = 0. Since
σ 2

B = ω0 ω1 (µ1 − µ0)
2, one has that µ1 = µ0, which implies the two classes

coincide and all the gray level values are equal.
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Figure 2.4: Two classes are separated totally when σ 2
w = 0

Figure 2.5: σ 2
w reaches its maximum

In the first subcase, when threshold value k becomes small(namely shift toward
left), σ

′2
0 , ω0 and σ 2

W decrease. Meanwhile, σ
′2
1 , ω1 and σ 2

B increase. One class
begin to split into two classes.

In the second subcase, when threshold value k becomes large(namely shift to-
ward right), σ

′2
1 , ω1 and σ 2

W decrease. Meanwhile, σ
′2
0 , ω0 and σ 2

B increase. Also,
one class begin to split into two classes.

Until σ
′2
1 (or σ

′2
0 ) begins to be equal to σ 2

1 (or σ 2
0 ), σ 2

W reaches its minimum, as
shown in figure2.6. Then we obtain the adequate threshold value.

Figure 2.6: σ 2
w reaches its minimum
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Otsu’s method for three classes

It is straightforward to extend otsu’s method to three classes. In this case, we
assume to have two threshold values k1 and k2 1 ≤ k1 < k2 ≤ L , for sep-
arating three classes, C0 for [1, · · · , k1], C1 for [k1 + 1, · · · , k2], and C2 for
[k2 + 1, · · · , L].

We also have the gray level histogram which is normalized and regarded as
a discrete probability density function, as in

pi =
ni

N
, pi ≥ 0 ,

L∑

i=1

pi = 1 . (2.10)

where ni denotes the number of pixels at gray level i , N denotes the total num-
ber of pixels in the image, L is the total number of possible gray levels in the
image.

Then, the probabilities of class occurrence and the class mean levels, respec-
tively, are given by

ω0(k1) =
k1∑

i=1

pi = ω(k1) , (2.11)

ω1(k1, k2) =
k2∑

i=k1+1

pi = ω(k1, k2) , (2.12)

ω2(k1, k2) =
L∑

i=k2+1

pi = 1− ω(k1)− ω(k1, k2) , (2.13)

and

µ0(k1) =
k1∑

i=1

i pi/ω0 = µ(k1)/ω(k1) , (2.14)

µ1(k1, k2) =
k2∑

i=k1+1

i pi/ω1 = µ(k1, k2)/ω(k1, k2) , (2.15)

µ2(k1, k2) =
L∑

i=k2+1

i pi/ω2 =
µT − µ(k1)− µ(k1, k2)

1− ω(k1)− ω(k1, k2)
, (2.16)

where

ω(k1) =
k1∑

i=1

pi , (2.17)

ω(k1, k2) =
k2∑

i=k1+1

pi , (2.18)
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and

µ(k1) =
k1∑

i=1

i pi , (2.19)

µ(k1, k2) =
k2∑

i=k1+1

i pi , (2.20)

For the selected threshold k1, k2, ω0, ω1 and ω2 denote the areas occupied by the
three classes in the image respectively, µ0, µ1 and µ2 indicate the mean level
of the three classes in the image, respectively.
And

µT = µ(L) =
L∑

i=1

i pi . (2.21)

is the total mean level of the original image. We can easily verify the following
relation for any choice of k1 and k2 :

ω0µ0 + ω1µ1 + ω2µ2 = µT , ω0 + ω1 + ω2 = 1 . (2.22)

The class variance are given by

σ 2
0 (k1) =

k1∑

i=1

(i − µ0)
2 pi/ω0 , (2.23)

σ 2
1 (k1, k2) =

k2∑

i=k1+1

(i − µ1)
2 pi/ω1 , (2.24)

σ 2
2 (k2) =

L∑

i=k2+1

(i − µ2)
2 pi/ω2 . (2.25)

Then quantities which can evaluate the separability of three classes become.

The within-class variance of levels σ 2
W

σ 2
W (k1, k2) = ω0σ

2
0 + ω1σ

2
1 + ω2σ

2
2 , (2.26)

The between-class variance σ 2
B

σ 2
B(k1, k2) = ω0(µ0 − µT )

2 + ω1(µ1 − µT )
2 + ω2(µ2 − µT )

2 , (2.27)

The total variance of levels σ 2
T

σ 2
T =

L∑

i=1

(i − µT )
2 pi . (2.28)
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We also have the same relation as in two classes otsu’s method:

σ 2
W + σ 2

B = σ 2
T . (2.29)

σ 2
W and σ 2

B are function of two threshold value k1 and k2. Two optimal threshold
value k∗1 and k∗2 are selected by maximizing σ 2

B :

σ 2
B(k
∗
1 , k∗2) = max1≤k1<k2<Lσ

2
B(k1, k2) .

2.3 Hair measurement

Hair measurements involve the calculation of the hair length, the hair diame-
ter, the angle between the major axis of a hair and the horizontal direction of
the image and the number of hairs in an image. Evidently, the length, diameter
and the major axis direction computed in the image analysis do not have the
real physical values of the hair. In practice, to take a picture of a beard one uses
a piece of glass to press hairs so that they lie relatively flat on the skin.

After segmentation, we get a binary image still including useful information.
Then, we calculate the number of hairs and detect the coordinates of each pixel
within and on the boundary of each hair.

It is easy to compute the length of hairs if they have horizontal or vertical ori-
entations. But in our case, hairs have random orientation. Therefore, it is
necessary to locate the major axis of a hair and subsequently to measure its
length and diameter. There are several ways to establish the principal axis of a
hair once the boundary of a hair is known. The first method computes a best
fit straight line through the pixels of the hair[7][8], which is also referred to as
the least square method. The second one computes the “minimal” rectangle
enclosing [1] the hair. We choose to apply the least square method.

So, we have a set of points (xi , yi ) with i = 1, 2, . . . , n, which are supposed
to be the pixels of one hair in a binary image. The major axis of the hair is
represented as the straight line having the following equation.

x cosϕ + y sinϕ = c , ϕ ∈ [−π
2
,
π

2
]

where ϕ and c must be chosen such that the sum S(ϕ, c) of the square of the
residuals is minimal. This sum S(ϕ, c) is given by

S(ϕ, c) =
N∑

i=1

(xi cosϕ + yi sinϕ − c)2 ,
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By using vector calculus in the N-dimensional Euclidean space and the Euclid-

ian norm, ‖x‖ =
√∑N

k=1 x2
i of a vector x = (x1, . . . , xn)

′, this sum can also be
expressed as

S(ϕ, c) = ‖x cosϕ + y sinϕ − ce‖2, (2.30)

where e stands for the vector e = (1, 1, . . . , 1, 1)′.

To minimize this sum we compute the first derivative with respect to c.

∂S
∂c
= −2

N∑

i=1

(cosϕxi + sinϕyi − c) ,

So, ∂S
∂c = 0 implies

c = cosϕ
∑N

i=1 xi + sinϕ
∑N

i=1 yi

N
= xm cosϕ + ym sinϕ .

where xm = 1
N

∑N
i=1 xi , ym = 1

N

∑N
i=1 yi .

Then equation (2.30) becomes

‖x cosϕ + y sinϕ − ce‖2 = ‖(x − xme) cosϕ + (y − yme) sinϕ‖2 .

Let u = x − xme , v = y − yme , then we get

‖u cosϕ + v sinϕ‖2 = ‖u‖2 cos2 ϕ + ‖v‖2 sin2 ϕ + 2(u, v) sinϕ cosϕ

= 1
2
(‖u‖2 + ‖v‖2)+ 1

2
(‖u‖2 − ‖v‖2) cos 2ϕ + (u, v) sin 2ϕ ,

(2.31)

Set A = ‖u‖2 − ‖v‖2, B = 2(u, v) and D = ‖u‖2 + ‖v‖2.

Then equation (2.31) becomes

1
2
(A cos 2ϕ + B sin 2ϕ + D) , ϕ ∈ [−π

2
,
π

2
] (2.32)

Minimizing equation(2.32) with respect to ϕ means minimizing A cos 2ϕ +
B sin 2ϕ.
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Since,

A cos 2ϕ + B sin 2ϕ =
√

A2 + B2

(
A√

A2 + B2
cos 2ϕ + B√

A2 + B2
sin 2ϕ

)
.

The function S(ϕ, c) will be minimized when

cos 2ϕ = −A√
A2 + B2

, sin 2ϕ = −B√
A2 + B2

.

Then, we get angle for major axis ϕmajor :

If B ≤ 0, then ϕmajor = 1
2 arccos (− A√

A2+B2
),

If B > 0, then ϕmajor = − 1
2 arccos (− A√

A2+B2
).

From ϕmajor, we can obtain c, λ, l(the length of major axis):

c = xm cosϕmajor + ym sinϕmajor ,

λ = x sinϕmajor − y cosϕmajor ,

l = λmax − λmin .

we can calculate two end points of major axis: (x1, y1) and (x2, y2)

x1 = c cosϕmajor + λmin sinϕmajor ,

y1 = c sinϕmajor − λmin cosϕmajor ,

x2 = c cosϕmajor + λmax sinϕmajor ,

y2 = c sinϕmajor − λmax cosϕmajor .

Likewise, we can compute angle for minor axis ϕminor (minor axis is perpendic-
ular to major axis) :
If B ≥ 0, ϕminor = 1

2 arccos ( A√
A2+B2

) ,

If B < 0, ϕminor = − 1
2 arccos ( A√

A2+B2
).

According to ϕminor, we can obtain c, λ, l(the length of minor axis):

c = xm cosϕminor + ym sinϕminor ,

λ = x sinϕminor − y cosϕminor ,

l = λmax − λmin .

we can calculate two end points of minor axis : (x1, y1) and (x2, y2)

x1 = c cosϕminor + λmin sinϕminor ,

y1 = c sinϕminor − λmin cosϕminor ,

x2 = c cosϕminor + λmax sinϕminor ,

y2 = c sinϕminor − λmax cosϕminor .
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Chapter 3

Image segmentation and
measurement for a given series of
images

In Chapter 2, we have discussed some concepts and techniques for segmenta-
tion and hair measurements. In this chapter, we apply these techniques to a
given series of beard images. Due to a nonuniform illumination in these im-
ages, the gray values in the background(skin) varies , as well as the gray values
of the hairs. Furthermore, the contrast between hair and skin changes locally.
Therefore, our threshold values must be locally dependent. First, we divide the
image into a series of subimages. The ideal case is that each subimage contains
only one hair. Then Otsu’s method (the three classes version) can be applied
to these subimages. After the segmentation of each subimage, we measure the
hair features in the subimage using a least square method and afterwards we
improve these measurements to get more precise length and diameter of a hair.
This will be done by using step function fitting.

3.1 Divide the image into a series of subimages with
only one hair

Next, we describe the process of dividing the whole given image into a series of
subimages containing only one hair. This process consists of five steps.

In step 1, a given image is partitioned into equally sized subimages of size
128×128, and the mean value µ and the standard deviation σ of the gray levels
in each subimage are computed.

In step2, the threshold value µ − 3 × σ is applied to each subimage to extract
hairs from the subimage. The result will be a subimage having a noisy white
background
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In step3, morphological operations are applied to the whole image to get a bi-
nary image and the hair length is calculated based on the binary images by
means of a least square method.

In step4, we locate each hair by calculating the coordinates of its central point
based on the coordinates of boundary pixels of the hair.

In step5, according to the position of each hair and the length L , we form hair
boxes with the central points in the middle of the boxes. We choose 1.1L×1.1L
as the size of the boxes. Figure3.1 displays the process of obtaining subimage
with one hair.

real

image

resulting

image

binary

image

adaptive

threshoding

algorithm

Morphological

 operation
extract outline

of hairs
 centre points

for each hair

retrieve corresponding hairs

pick every hair based on centre

point with range 1.1length*1.1ength

subimage with

one hair

Figure 3.1: Acquisition of subimage

3.1.1 Partitioning a given image into equally sized subimages

The whole size of our image is 1024× 1024. We uniformly partition the image
into squared subimages (blocks) of an appropriate size. Since, only hairs can
be detected which fit into a block, the block could not be too small. On the
other hand, if the blocks are too large, we meet the same disadvantages as for
the whole image. In an experimental way, we found that the subimages of size
128× 128 will provide a good balance between these two cases. Then the total
number of subimages is 64 and the whole image is partitioned in a 8× 8 array
of subimages. Figure3.2 displays the partition result of a given image.

3.1.2 Calculating the threshold value for each subimage

Observe the gray level histogram graph of a subimage with the size of 128 ×
128, it approximately follows the normal distribution. Considered as a normal
distribution, we may expect that more than 90% of the pixels have gray values
betweenµ−3×σ andµ+3×σ . In figure3.3, the two red lines delimit the range
between µ − 3 × σ and µ + 3 × σ . We remove the pixels with gray exceeding
the threshold value µ − 3 × σ . This means we make them white. We choose
3 × σ rather than other number because we try to get rid of over 90% pixels
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Figure 3.2: Partition the original image into 64 subimages

with mediate gray level(usually, dark pixels belong to the less 10% pixels left)
and avoid excessive segmentation. If we choose 1 or 2× σ , there are too many
mediate gray level pixels left, in which case it is hard to find real hairs. While if
we choose 4 or 5× σ , although it can segment hairs better than 3× σ in some
images, it may excessively segment in other images. Therefore, we calculate
mean and standard deviation for every subimage and use the formula µ−3×σ
to compute a threshold value. Then most pixels will be discarded if their gray
level larger than and equal to the threshold value. In this way, a vast number of
background pixels could be removed and hairs pixels with a little shadow left,
just like in Figure3.5. Someone may suggest selecting a threshold value with
otsu’s method for each subimage because it is a solid method. However, otsu’s
method is not always valid for all subimages because when we partition the
original image into 8×8, some subimages contain hairs but the others exclude
hairs. We know that for subimages with hairs, otsu’s method may work well
to separate beard class from skin class based on histogram graph, as shown
in figure3.3. But for subimages without hair, otsu’s method is void because
there is only one class and no beard class exists according to the histogram
graph. Figure3.4 displays the latter case. Figure3.6 illustrates the result after
thresholding with otsu’s method for three classes in 8×8 subimages. Although
we can enlarge subimage, for example partition the whole original image into
4× 4 subimages, to avert subimages without hairs, there still exists subimages
with a large amount of shadow because of uneven illumination, as shown in
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(a) Subimage I46 (b) Thresholding with otsu’s
method
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Figure 3.3: Subimage I46 and its corresponding histogram

(a) Subimage I56 (b) Thresholding with otsu’s
method
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Figure 3.4: Subimages I56 and its corresponding histogram

Figure3.7.

3.1.3 Applying morphological operation to the resulting image of
segmentation

In order to acquire relatively correct position of hairs, we must take some mea-
sures to remove the noises, incomplete hairs which touch the border of the
image and smooth hairs to get rid of spur in the resulting image. Morpho-
logical image processing provides an effective way to do this. We make use
of erosion and dilation to dispel noises and open to smooth the boundaries of
hairs. After this, we convert the image into binary one to fill the holes inside
hairs and connect small gap at the edge of hairs so as to guarantee one hair has
one central point instead of multiple central points caused by holes and gaps.
Figure3.8 manifests the result.

3.1.4 Locating each hair’s position

We locate a hair’s position based on its central point. The central point of each
hair can be defined as mean coordinates of all pixels at the hair boundaries.
Therefore, to detect the central point of each hair, first, we outline every hair
in the image. Then calculate mean of coordinates for total pixels at every hair
boundary. Figure3.9 displays the rough outline and central point for each hair.
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(a) 12 hours after shaving

(b) 20 hours after shaving

(c) 35 hours after shaving

Figure 3.5: The result after thresholding with µ− 3× σ
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Figure 3.6: The result after thresholding with otsu’s method for three classes
in 8× 8 subimages

Figure 3.7: The result after thresholding with otsu’s method for three classes in
4× 4 subimages
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Figure 3.8: The resulting image after morphological operation

We do not use all pixels within a hair to locate the central point because on the
one hand we try to reduce computation, on the other hand, the outline of a hair
does not exactly reflect the real hair’s profile.

3.1.5 Acquiring subimages with only one hair

We can take out every subimage according to the coordinates of the central
point of each hair in the given image, in other words, a pair of coordinates of
the central point determine each subimage. To determine the size of a subim-
age, we use least square method to compute the length of the hair. Then define
length(1+0.1)×length(1+0.1) as the size of a subimage. We pick a subimage
with the central point in the middle of it. The number of central points ob-
tained decides how many subimages we pick from the given image. Figure3.10
displays the subimages marked by back boxes in the given image.

3.2 Segmentation and measurement for each subim-
age

So far, we make each individual subimage include one hair. Figure3.11 shows
one of subimages. Then, these subimages will be segmented and measured.
Figure3.12 shows measurement process.
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Figure 3.9: Inspection the central point of each hair according to its outline

Figure 3.10: Subimages extracted with only one hair
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Figure 3.11: Subimage with one hair
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Figure 3.12: Measurement for subimage

3.2.1 Subimage segmentation

When we apply Otsu’s method for three classes to each subimage to extract the
hair from background, we get two threshold values, as mentioned in Chapter
2.2.2. The minimum will be used to segment the subimage. Retain pixels
whose gray level are less than the minimum threshold value and take away
pixels whose gray level are equal to or larger than the threshold value. Thus,
we separate hair from the background.

3.2.2 Subimage Morphological operation

After segmentation, we obtain a resulting subimage with noises and prod around
hair, see figure3.13(a). In this resulting subimage, background becomes white
and hair retains its original gray level. Morphological operation will be used to
remove noises and prod so that the background appears clear and hair becomes
smooth. Then, convert the resulting subimage into binary subimage, namely,
background is black with hair being white. Now, we have extracted the hair
from the background without noise and spur in the background, as shown in
figure3.13(b).

3.2.3 Subimage measurement

We can apply least square method to the binary subimage to calculate the length
of the major axis and minor axis, as mentioned in Chapter 2.3. We suppose
that hair length corresponds to the length of the major axis and hair diameter
agrees to the length of the minor axis. Figure3.14(a) and (b) display the hair
length and hair diameter within the hair outline. In addition, we set an angle
which can be obtained by turning the horizontal axis in the clockwise direction
to be negative and in the counterclockwise direction to be positive. Thus, the
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(a) Resulting subimage after segmen-
tation

(b) Binary subimage after morpholog-
ical operation

Figure 3.13: Subimage I−7

(a) The positive major axis angle (b) The negative major axis angle

Figure 3.14: Hair length and diameter based on hair outline
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results of measurement for the angle between the major axis and horizontal
axis have a range of −π

2 to π
2 .

3.3 Fine tune hair length and diameter with step func-
tion fitting

Since hairs below the skin, which appear to be dark shadow in the given im-
ages, have a slight higher gray level than those above the skin and much lower
gray level than the background. Figure3.15 shows this situation. Our improved
Otsu’s method still often cannot distinguish a real hair above the skin from
dark shadow under the skin.

Figure 3.15: Hair with dark shadow in the subimage

This means, we only get hairs with dark shadow owing to existence of hairs
under the skin rather than the real hairs above the skin after segmentation. As
shown in Figure3.16 and Figure3.17 with Otsu’s method.

Therefore, measurement based on these segmentation result is not very reli-
able for our extremely complex situation. We discover that measured length
and diameter of hairs are longer than real ones. As for the angle between
the major axis and horizontal axis, we find that it is almost insensitive to seg-

(a) For two class (b) For three class

Figure 3.16: Segmentation result with Otsu’s method
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(a) For two class (b) For three class

Figure 3.17: Segmentation result with Otsu’s method

mentation results in a bright contrast subimage, as shown in figure3.18 and
a very little sensitive to segmentation results in a dim contrast subimage, see
figure3.19. In other words, various segmentation results determined by differ-
ent threshold value have a very little impact on the angle between the major
axis and horizontal axis.

Based on this phenomenon, we present an approach to amend the length and
diameter of hairs, respectively. In this approach, we define a rectangle range,
in which the length is the major axis’ length and the diameter is the minor
axis’s length. Then we calculate the mean gray level along the major axis and
minor axis within the rectangle, separately. With respect to hair length compu-
tation, hair root and hair head can be easily found in the mean gray level plot
along major axis because their value at these two places are sharp in an ideal
case. However, in our real case, due to existence of hair below the skin and dim
contrast between hair and the skin, the boundary of hair root become smooth
rather than sharp. So we have to fit the mean gray level plot with a step func-
tion to seek the position of hair root and hair head. The same way is used to
calculate hair diameter, replacing the mean gray level plot along the major axis
with along the minor axis. Figure3.20 displays the amendatory process. The
following, we describe the approach in details.

3.3.1 Detect a rectangle with the size of major axis length×minor axis length

According to the length of the major axis and minor axis of a hair computed
by least square method in Chapter 2.3, a rectangle that encloses the hair may
be found. We intend to calculate the mean gray level within the minor axis
length for every pixel along the major axis, from which we may explore the
gray level distribution along the major axis for a real hair. Analogously, the
mean gray level within the major axis length for every pixels along the minor
axis is expected to be calculated so that we get the gray level distribution of a
real hair along the minor axis.
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(a) Subimage 1 (b) Subimage 3
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(c) Subimage 1
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(d) Subimage 3

Figure 3.18: Major axis angle based on various threshold value
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(a) Subimage 1 (b) Subimage 3
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(c) Subimage 1
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(d) Subimage 3

Figure 3.19: Major axis angle based on various threshold value
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Figure 3.20: Modified measurement for subimage

3.3.2 Rotation transformation of the coordinates system

To simplify computation for the mean gray level along the major axis and minor
axis, respectively, we need to transform the coordinates system so that the new
y axis parallels the major axis, as shown in figure3.21, where X ′Y ′ is the new
coordinates system. Specifically, change the coordinates of endpoints for the
major axis and minor axis according to formula (3.1) if the major axis angle is
negative and formula (3.2) if the major axis angle is positive.

[
x ′

y′

]
=
[

cosα − sinα
sinα cosα

] [
x
y

]
(3.1)

[
x ′

y′

]
=
[

cosα sinα
− sinα cosα

] [
x
y

]
(3.2)

y

y’x

x’

Figure 3.21: Rotation coordinates transformation for real subimage

It is straightforward to obtain other new pixels coordinates between new end-
points coordinates of the major axis, as well the minor axis. For these new
pixels coordinates in the new coordinates system, we can retrieve their original
coordinates to get gray level by means of formula(3.3)and formula(3.4).

[
x
y

]
=
[

cosα − sinα
sinα cosα

]−1 [
x ′

y′

]
(3.3)

[
x
y

]
=
[

cosα sinα
− sinα cosα

]−1 [
x ′

y′

]
(3.4)
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Now we can compute the mean gray level within length of the minor axis along
the major axis and within length of the major axis along the minor axis with
expression(3.5) and (3.6), respectively.

mean(yi ) =
∑x2

x=x1
I (x, yi )

x2 − x1 + 1
yi ∈ [y1, y2] (3.5)

where mean(yi ) denotes the mean gray level within length of minor axis for yi

along the major axis. x1 and x2 determine the minor axis length, and y1 and y2

determine the major axis length.

mean(xi ) =
∑y2

y=y1
I (xi , y)

y2 − y1 + 1
xi ∈ [x1, x2] (3.6)

where mean(xi ) denotes the mean gray level within length of the major axis for
xi along the minor axis.

3.3.3 Step function fitting

We can plot a graph according to the mean gray level along the major axis and
minor axis, respectively. In an ideal situation, hair boundary can be detected
by locating position where gray level of hair has a sharp variance. However, in
our case, along the major axis, we only find one relative sharp variance at the
head of hair. In the root of hair, gray level smoothly varies because of existence
of hair below the skin. Therefore, we must use a step function to fit the root of
hair in order to determine the boundary of hair root.
In figure3.22, curve denotes the mean gray level function g(k), x coordinates,

0
1
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81
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141

161

N M L

h

Figure 3.22: Step function fitting
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(a) Length based on hair outline (b) Modified length

Figure 3.23: Comparison between before fitting(left) and after fitting(right)

k, denotes the position coordinates of the major axis in the rotated coordinates
system. Assume the fitting step function s(k) is as follows:

s(k) =




0, 0 ≤ k < N
h, N ≤ k ≤ M
0, M < k ≤ L

where

h = 1
M − N + 1

M∑

k=N

g(k)

We use least square method to compute N and M in order to find the step
function. Namely, minimize (s(k)− g(k))2.
Since

(s(k)− g(k))2 =
N−1∑

k=0

g2(k)+
M∑

k=N

(g(k)− h)2 +
L∑

k=M+1

g2(k) (3.7)

So, we only need to minimize the right side in equation(3.7). Then a fitting
step function could be attained. The distance between N and M represents the
modified hair length. Figure3.23 displays the comparison before step function
fitting and after step function fitting. Similarly, we can get the modified hair
diameter by fitting the mean gray level plot along the minor axis with a step
function.
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Chapter 4

Verify measurement algorithm

In order to validate our least square method for the hair measurements, we
create three binary 1024×1024 artificial images containing solid rectangels (ar-
tificial hairs), which represent hairs of given length, diameter and direction.
Then we apply our least square method to these artificial hairs to compute the
hair data (length, diameter and the direction of the major axis) and compare
them to the given “real” data .

4.1 Forming artificial images based on four vertices

When the length L , the diameter D and the direction ϕ, i.e. the angle between
the main axis of a hair and the y-axis, are given together with its center point
(x0, y0) then the coordinates (xi , yi ) of the four vertices of the rectangle with
mid-point (x0, y0) can easily be computed by using the formulae
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x1 = x0 −
1
2

L sinϕ − 1
2

D cosϕ,

y1 = y0 +
1
2

L cosϕ − 1
2

D sinϕ,

x2 = x0 +
1
2

L sinϕ − 1
2

D cosϕ,

y2 = y0 −
1
2

L cosϕ − 1
2

D sinϕ,

x3 = x0 +
1
2

L sinϕ + 1
2

D cosϕ,

y3 = y0 −
1
2

L cosϕ + 1
2

D sinϕ,

x4 = x0 −
1
2

L sinϕ − 1
2

D cosϕ,

y4 = y0 +
1
2

L cosϕ − 1
2

D sinϕ.

Evidently the computed coordinates must be rounded to integers in order to
locate them in the digital image. Therefore, the pixel coordinates (x̄i , ȳi ) of the
vertices of the rectangle satisfy

x̄i = round(xi ), ȳi = round(yi ),

where round means rounding to the nearest integer.

Standard image processing algorithms are now applied to create a solid rec-
tangle, i.e. to compute the pixel coordinates within the rectangle. Figure 4.1
shows such a rectangle.

x4,y4

x3,y3

x2,y2

x1,y1

x

y

0

x0,y0

 

Figure 4.1: Artificial hair(rectangle)

In our test cases we restrict ourselves to the construction of artificial hairs
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Table 4.1: comparison of same direction(00) hairs between input data and least
square results

Num Position L L̄ D D̄ ϕ ϕ̄

1 925, 679 25 25 6 6 0.00 0.00
2 926, 585 26 26 6 6 0.00 0.00
3 822, 446 27 27 6 6 0.00 0.00
4 818, 514 27 27 6 6 0.00 0.00
5 70, 386 28 28 6 6 0.00 0.00
6 875, 434 28 28 6 6 0.00 0.00
7 233, 321 29 29 6 6 0.00 0.00
8 544, 864 29 29 6 6 0.00 0.00
9 532, 324 29 29 6 6 0.00 0.00
10 82, 690 30 30 6 6 0.00 0.00
11 756, 103 30 30 6 6 0.00 0.00
12 626, 287 30 30 6 6 0.00 0.00
13 337, 517 31 31 6 6 0.00 0.00
14 425, 848 31 31 6 6 0.00 0.00
15 577, 558 31 31 6 6 0.00 0.00
16 412, 668 32 32 6 6 0.00 0.00
17 573, 357 32 32 6 6 0.00 0.00
18 94, 799 33 33 6 6 0.00 0.00
19 144, 701 33 33 6 6 0.00 0.00
20 454, 941 34 34 6 6 0.00 0.00
21 566, 466 35 35 6 6 0.00 0.00

with input angles ϕ = 0o, ϕ = 90o and ϕ = 15o, but with randomly distrib-
uted center points, lengths and diameters. The coördinates of the input center
points, the lengths L , the widths D are given in the tables 4.1, 4.2, and 4.3.
Figure4.2, Figure4.3 and Figure 4.4 displays the computed artificial hairs.

4.2 Comparison between the input data and the com-
puted data

The tables 4.1, 4.2, and 4.3 also contain the corresponding computed values
L̄, D̄ and ϕ̄. We observe there are no errors or they are very small in the cases
ϕ = 0o and ϕ = 90o. However, if ϕ = 15o we notice some relative errors of
approximately 3% to 4%. The main source of the error is the rounding of the
real coordinates to pixel coordinates. We have to notice that our least-square
method for computing the hair features is applied to the pixel coordinates. The
least square method itself is a numerical stable method.

For our comparison between the input data and the computed data, we restrict
ourselves to the artificial hairs with input direction ϕ = 15o and diameters D
fixed. Table 4.4 contains the input values. The tables 4.5 up to 4.7 display our
computational results. Table 4.6 displays the errors 1ϕ, 1xi = x̄i − xi and
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Table 4.2: comparison of same direction(900) hairs between input data and
least square results

Num Position L L̄ D D̄ ϕ ϕ̄

1 925, 679 25 25 6 6 90.00 90.00
2 926, 585 26 26 6 6 90.00 90.00
3 822, 446 27 27 6 6 90.00 90.00
4 818, 514 27 27 6 6 90.00 90.00
5 70, 386 28 28 6 6 90.00 90.00
6 875, 434 28 28 6 6 90.00 90.00
7 233, 321 29 29 6 6 90.00 90.00
8 544, 864 29 29 6 6 90.00 90.00
9 532, 324 29 29 6 6 90.00 90.00
10 82, 690 30 30 6 6 90.00 90.00
11 756, 103 30 30 6 6 90.00 90.00
12 626, 287 30 30 6 6 90.00 90.00
13 337, 517 31 31 6 6 90.00 90.00
14 425, 848 31 31 6 6 90.00 90.00
15 577, 558 31 31 6 6 90.00 90.00
16 412, 668 32 32 6 6 90.00 90.00
17 573, 357 32 32 6 6 90.00 90.00
18 94, 799 33 33 6 6 90.00 90.00
19 144, 701 33 33 6 6 90.00 90.00
20 454, 941 34 34 6 6 90.00 90.00
21 566, 466 35 35 6 6 90.00 90.00

Table 4.3: comparison of same direction(150) hairs between input data and least
square results

Num Position L L̄ 1L D D̄ 1D ϕ ϕ̄ 1ϕ

1 925 679 25 26 1 6 8 2 14.04 13.67 -0.37
2 926 585 26 27 1 6 7 1 13.50 14.23 0.73
3 822 446 27 29 2 6 7 1 15.07 14.42 -0.65
4 818 514 27 29 2 6 7 1 15.07 14.42 -0.65
5 70 386 28 29 1 6 8 2 16.50 16.96 0.46
6 875 434 28 29 1 6 8 2 16.50 16.96 0.46
7 233 321 29 31 2 6 8 2 15.95 15.70 -0.25
8 544 864 29 31 2 6 8 2 15.95 15.70 -0.25
9 532 324 29 31 2 6 8 2 15.95 15.70 -0.25
10 82 690 30 31 1 6 8 2 15.42 15.63 0.21
11 756 103 30 31 1 6 8 2 15.42 15.63 0.21
12 626 287 30 31 1 6 8 2 15.42 15.63 0.21
13 337 517 31 32 1 6 8 2 14.93 14.55 -0.38
14 425 848 31 32 1 6 8 2 14.93 14.55 -0.38
15 577 558 31 32 1 6 8 2 14.93 14.55 -0.38
16 412 668 32 33 1 6 7 1 14.47 14.26 -0.21
17 573 357 32 33 1 6 7 1 14.47 14.26 -0.21
18 94 799 33 34 1 6 8 2 14.04 13.83 -0.21
19 144 701 33 34 1 6 8 2 14.04 13.83 -0.21
20 454 941 34 35 1 6 6 0 15.26 15.23 -0.03
21 566 466 35 37 2 6 7 1 14.83 14.39 -0.44
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Figure 4.2: Artificial hair(rectangle) with the major axis angle being 00

Figure 4.3: Artificial hair(rectangle) with the major axis angle being 900
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Figure 4.4: Artificial hair(rectangle) with the major axis angle being 150

1yi = ȳi − yi . Table 4.7 displays the errors εi given by

εi =
√
(x̄i − xi )2 + (ȳi − yi )2 i = 1, 2, 3, 4

Evidently the errors εi are the rounding errors of the vertices coordinates. Be-
cause of the numerical stability of the least square method, the errors in the
output values, i.e. the hair data, are of the same order as the errors in the input
data. This is confirmed by our test cases. Our conclusion is that our method to
compute the hair data do not introduce additional errors other than the resolu-
tion errors of the digital image, which are inavoidable.

From above comparison between input data and calculated data and error analy-
sis, we make a conclusion that least square method is suitable to measure the
length, diameter and the major axis angle of a hair.
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Table 4.4: Real coordinates for four vertexes of every rectangle

Num Position Length ϕ x1 y1 x2 y2 x3 y3 x4 y4
1 (925, 679) 25 15.00 918.87 690.3 925.34 666.15 931.13 667.7 924.66 691.85
2 (926, 585) 26 15.00 919.74 596.78 926.47 571.67 932.26 573.22 925.53 598.33
3 (822, 446) 27 15.00 815.61 458.26 822.60 432.18 828.39 433.74 821.40 459.82
4 (818, 514) 27 15.00 811.61 526.26 818.60 500.18 824.39 501.74 817.40 527.82
5 ( 70, 386) 28 15.00 63.48 398.75 70.73 371.7 76.52 3 73.25 69.27 400.30
6 (875, 434) 28 15.00 868.48 446.75 875.73 419.7 881.52 421.25 874.27 448.30
7 (233, 321) 29 15.00 226.35 334.23 233.86 306.22 239.65 307.77 232.14 335.78
8 (544, 864) 29 15.00 537.35 877.23 544.86 849.22 550.65 850.77 543.14 878.78
9 (532, 324) 29 15.00 525.35 337.23 532.86 309.22 538.65 310.77 531.14 338.78
10 ( 82, 690) 30 15.00 75.22 703.71 82.98 674.73 88.78 6 76.29 81.02 705.27
11 (756, 103) 30 15.00 749.22 116.71 756.98 87.73 762.78 89.29 755.02 118.27
12 (626, 287) 30 15.00 619.22 300.71 626.98 271.73 632.78 273.29 625.02 302.27
13 (337, 517) 31 15.00 330.09 531.2 338.11 501.25 343.91 502.8 335.89 532.75
14 (425, 848) 31 15.00 418.09 862.2 426.11 832.25 431.91 833.8 423.89 863.75
15 (577, 558) 31 15.00 570.09 572.2 578.11 542.25 583.91 543.8 575.89 573.75
16 (412, 668) 32 15.00 404.96 682.68 413.24 651.77 419.04 653.32 410.76 684.23
17 (573, 357) 32 15.00 565.96 371.68 574.24 340.77 580.04 342.32 571.76 373.23
18 ( 94, 799) 33 15.00 86.83 814.16 95.37 782.29 101.17 783.84 92.63 815.71
19 (144, 701) 33 15.00 136.83 716.16 145.37 684.29 151.17 685.84 142.63 717.71
20 (454, 941) 34 15.00 446.7 956.64 455.50 923.8 461.30 925.36 452.50 958.20
21 (566, 466) 35 15.00 558.57 482.13 567.63 448.32 573.43 449.87 564.37 483.68

Table 4.5: Approximate coordinates for four vertexes of every rectangle

Num Position Length ϕ̄ x̄1 ȳ1 x̄2 ȳ2 x̄3 ȳ3 x̄4 ȳ4
1 (925, 679) 25 14.04 919 690.00 925.00 666 931 668 925 692
2 (926, 585) 26 13.50 920 597.00 926.00 572 932 573 926 598
3 (822, 446) 27 15.07 816 458.00 823.00 432 828 434 821 460
4 (818, 514) 27 15.07 812 526.00 819.00 500 824 502 817 528
5 ( 70, 386) 28 16.50 63 399.00 71.00 372 77 373 69 400
6 (875, 434) 28 16.50 868 447.00 876.00 420 882 421 874 448
7 (233, 321) 29 15.95 226 334.00 234.00 306 240 308 232 336
8 (544, 864) 29 15.95 537 877.00 545.00 849 551 851 543 879
9 (532, 324) 29 15.95 525 337.00 533.00 309 539 311 531 339
10 ( 82, 690) 30 15.42 75 704.00 83.00 675 89 676 81 705
11 (756, 103) 30 15.42 749 117.00 757.00 88 763 89 755 118
12 (626, 287) 30 15.42 619 301.00 627.00 272 633 273 625 302
13 (337, 517) 31 14.93 330 531.00 338.00 501 344 503 336 533
14 (425, 848) 31 14.93 418 862.00 426.00 832 432 834 424 864
15 (577, 558) 31 14.93 570 572.00 578.00 542 584 544 576 574
16 (412, 668) 32 14.47 405 683.00 413.00 652 419 653 411 684
17 (573, 357) 32 14.47 566 372.00 574.00 341 580 342 572 373
18 ( 94, 799) 33 14.04 87 814.00 95.00 782 101 784 93 816
19 (144, 701) 33 14.04 137 716.00 145.00 684 151 686 143 718
20 (454, 941) 34 15.26 447 957.00 456.00 924 461 925 452 958
21 (566, 466) 35 14.83 559 482.00 568.00 448 573 450 564 484
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Table 4.6: Errors between real values and approximate values

Num Position Length 1ϕ 1x1 1y1 1x2 1y2 1x3 1y3 1x4 1y4
1 (925, 679) 24 -0.38 0.00 0.19 -0.21 0.37 -0.00 -0.19 0.21 -0.37
2 (926, 585) 25 -0.96 0.13 -0.30 -0.34 -0.15 -0.13 0.30 0.34 0.15
3 (822, 446) 26 -1.50 0.26 0.22 -0.47 0.33 -0.26 -0.22 0.47 -0.33
4 (818, 514) 26 -1.50 0.26 0.22 -0.47 0.33 -0.26 -0.22 0.47 -0.33
5 ( 70, 386) 27 0.07 0.39 -0.26 0.40 -0.18 -0.39 0.26 -0.40 0.18
6 (875, 434) 27 0.07 0.39 -0.26 0.40 -0.18 -0.39 0.26 -0.40 0.18
7 (233, 321) 28 1.50 -0.48 0.25 0.27 0.30 0.48 -0.25 -0.27 -0.30
8 (544, 864) 28 1.50 -0.48 0.25 0.27 0.30 0.48 -0.25 -0.27 -0.30
9 (532, 324) 28 1.50 -0.48 0.25 0.27 0.30 0.48 -0.25 -0.27 -0.30
10 ( 82, 690) 29 0.95 -0.35 -0.23 0.14 -0.22 0.35 0.23 -0.14 0.22
11 (756, 103) 29 0.95 -0.35 -0.23 0.14 -0.22 0.35 0.23 -0.14 0.22
12 (626, 287) 29 0.95 -0.35 -0.23 0.14 -0.22 0.35 0.23 -0.14 0.22
13 (337, 517) 29 0.95 -0.35 -0.23 0.14 -0.22 0.35 0.23 -0.14 0.22
14 (425, 848) 30 0.42 -0.22 0.29 0.02 0.27 0.22 -0.29 -0.02 -0.27
15 (577, 558) 30 0.42 -0.22 0.29 0.02 0.27 0.22 -0.29 -0.02 -0.27
16 (412, 668) 30 0.42 -0.22 0.29 0.02 0.27 0.22 -0.29 -0.02 -0.27
17 (573, 357) 30 0.42 -0.22 0.29 0.02 0.27 0.22 -0.29 -0.02 -0.27
18 ( 94, 799) 31 -0.07 -0.09 -0.20 -0.11 -0.25 0.09 0.20 0.11 0.25
19 (144, 701) 31 -0.07 -0.09 -0.20 -0.11 -0.25 0.09 0.20 0.11 0.25
20 (454, 941) 31 -0.07 -0.09 -0.20 -0.11 -0.25 0.09 0.20 0.11 0.25
21 (566, 466) 31 -0.07 -0.09 -0.20 -0.11 -0.25 0.09 0.20 0.11 0.25
22 (435, 239) 32 -0.53 0.04 0.32 -0.24 0.23 -0.04 -0.32 0.24 -0.23
23 (849, 275) 32 -0.53 0.04 0.32 -0.24 0.23 -0.04 -0.32 0.24 -0.23
24 (940, 321) 32 -0.53 0.04 0.32 -0.24 0.23 -0.04 -0.32 0.24 -0.23
25 (393, 361) 33 -0.96 0.17 -0.16 -0.37 -0.29 -0.17 0.16 0.37 0.29
26 (693, 599) 33 -0.96 0.17 -0.16 -0.37 -0.29 -0.17 0.16 0.37 0.29
27 (747, 764) 34 0.26 0.30 0.36 0.50 0.20 -0.30 -0.36 -0.50 -0.20
28 (248, 849) 34 0.26 0.30 0.36 0.50 0.20 -0.30 -0.36 -0.50 -0.20
29 (876, 890) 35 -0.17 0.43 -0.13 0.37 -0.32 -0.43 0.13 -0.37 0.32
30 (301, 476) 36 0.95 -0.44 0.39 0.24 0.16 0.44 -0.39 -0.24 -0.16
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Table 4.7: Errors ε

Num Position Length 1ϕ ε1 ε2 ε3 ε4
1 (925, 679) 24 -0.38 0.19 0.42 0.19 0.42
2 (926, 585) 25 -0.96 0.33 0.37 0.33 0.37
3 (822, 446) 26 -1.50 0.34 0.57 0.34 0.57
4 (818, 514) 26 -1.50 0.34 0.57 0.34 0.57
5 ( 70, 386) 27 0.07 0.47 0.44 0.47 0.44
6 (875, 434) 27 0.07 0.47 0.44 0.47 0.44
7 (233, 321) 28 1.50 0.54 0.41 0.54 0.41
8 (544, 864) 28 1.50 0.54 0.41 0.54 0.41
9 (532, 324) 28 1.50 0.54 0.41 0.54 0.41
10 ( 82, 690) 29 0.95 0.42 0.26 0.42 0.26
11 (756, 103) 29 0.95 0.42 0.26 0.42 0.26
12 (626, 287) 29 0.95 0.42 0.26 0.42 0.26
13 (337, 517) 29 0.95 0.42 0.26 0.42 0.26
14 (425, 848) 30 0.42 0.36 0.27 0.36 0.27
15 (577, 558) 30 0.42 0.36 0.27 0.36 0.27
16 (412, 668) 30 0.42 0.36 0.27 0.36 0.27
17 (573, 357) 30 0.42 0.36 0.27 0.36 0.27
18 ( 94, 799) 31 -0.07 0.22 0.28 0.22 0.28
19 (144, 701) 31 -0.07 0.22 0.28 0.22 0.28
20 (454, 941) 31 -0.07 0.22 0.28 0.22 0.28
21 (566, 466) 31 -0.07 0.22 0.28 0.22 0.28
22 (435, 239) 32 -0.53 0.32 0.34 0.32 0.34
23 (849, 275) 32 -0.53 0.32 0.34 0.32 0.34
24 (940, 321) 32 -0.53 0.32 0.34 0.32 0.34
25 (393, 361) 33 -0.96 0.23 0.47 0.23 0.47
26 (693, 599) 33 -0.96 0.23 0.47 0.23 0.47
27 (747, 764) 34 0.26 0.46 0.54 0.46 0.54
28 (248, 849) 34 0.26 0.46 0.54 0.46 0.54
29 (876, 890) 35 -0.17 0.45 0.49 0.45 0.49
30 (301, 476) 36 0.95 0.59 0.29 0.59 0.29
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Chapter 5

Identification hairs in a given
series of images

Identification or matching is the most important and complicated part of this
project. In this chapter, we approach the problem of identifying beard hairs
by matching corresponding blocks in the two images. First, in Section 1, we
look in detail at the given beard image sequences in order to find a suitable
match method. In Section 2, we describe how to create a mathematical model
of a given beard image containing rectangles representing the mathematical
description of beard hairs. Such a mathematical model will be called a beard
model image. Subsequently, in Section 3, we introduce a matching method
applied to two consecutive beard model images, based on appropriate blocks of
the two images. Finally, Section 4 provides some experimental results.

5.1 Important observations of a beard image sequence

In order to identify beard hairs in a sequence of beard images, we need to apply
a method of matching. Before doing this, we first observe the beard image
sequence, then we find:

• The direction of an individual beard hair in an image may change in
another image. When we use a piece of glass to flat hairs, the direction
of pushing the glass will change at each time. However, it appears that
the change of the direction is small.

• The mutual relative position of the same hairs in the beard image se-
quences also varies. There are two main reasons for this. Firstly, the skin
is an elastic body. Since the strength to push the glass across the skin
changes, the corresponding strain of the skin will cause nonlinear dis-
placements of the hair roots. Secondly, there is a rotation angle between
different images because of the differences of the camera positions. Al-
though the relative position of hairs in the beard image sequences is not
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(a) The image of 12 hours after shaving

(b) The image of 20 hours after shaving

(c) The image of 35 hours after shaving

Figure 5.1: Segmentation results of image sequences at different moments after
shaving 48



equal, the differences will not be very large. Figure5.2 displays the distor-
tion; the black hairs represent hairs in the first image and the red hairs
represent hairs in the second image.

• Some hairs appear and some disappear in the individual images. There
are two reasons for it. The camera position could be changed, which
leads to the disappearance of hairs at the boundary of an image and in-
troducing new hairs. The segmentation missed some hairs to detect.

From the observations above, we get the indication that in order to identify
hairs in the two different images the overlapping part of the two images should
be found first.

Figure 5.2: Hairs comparison of 12hours and 20hours images

5.2 The construction of a beard model

The segmentation algorithm combined with improved Otsu’s method as de-
scribed in Chapter 2.2.2 will be used to locate hairs in an image. The seg-
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mentation algorithm divides the whole image into subimages including only
one single hair by locating the position of each hair. Then by using improved
Otusu’s method each subimage will be segmented. Finally, we apply a morpho-
logical operation for the resulting subimage to get a binary subimage. Figure
5.1 displays the segmentation results. However, there is still too much detailed
information in the images, which makes the identification more difficult. For
instance, due to various illumination and existence of hair shades(hair below
the skin), the same hairs in different time images present different irregular
shapes, as shown in Figure5.3. Therefore, before the identification step we

(a) Hair in 12 hours image (b) Hair in 20 hours image (c) Hair in 35 hours image

Figure 5.3: The same hair in different moments images

simply model a beard hair as a rectangle having a certain direction and size.
The matching of beard hairs in two images is then based on the directions and
relative positions of these rectangles.

From the measurement given in Chapter 2.3, we get the length and diame-
ter of each hair, as well as its direction in an image. Then the coordinates of
the vertices of each hair can easily be computed and a rectangle that replaces a
hair can be formed by connecting the four vertices. Besides this, each rectangle
should be enclosed by a box obtained from segmentation. The box is useful for
matching. In this way, a beard model consists of the union of the hair boxes.
To be precise, we mathematically describe the beard model as follows:
In the beard model, a beard hair can be represented by a sequence of nine-
elements:

H = (XC , YC , L , D, α, X L, YL , X R, YR). (5.1)

where XC , YC denote the central point coordinates of a hair; L , D, α denote the
length, diameter and major axis angle of the hair, respectively; X L ,YL , X R, YR

denote the top left corner and bottom right corner coordinates of the box en-
closing the hair, separately. We call the box a hair box.
This nine-elements uniquely determines a hair. In a sequence of hairs, the k-th
hair will be described by H(k).
A beard model image could now be defined as a set I :

I = {H(k)‖k = 1, . . . , N , N is the total number of hairs in the model image}.
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An example that illustrates the beard models at different moments are shown
in Figure5.4.
Next, the beard model will be used to recognize the same beard hairs.

5.3 Matching two beard model images

Our strategy to identify an individual hair in two consecutive images of beard
models consists of five steps. First, we determine the overlapping part of the
two images with help of a reference hair. Even when we found the overlapping
part, we cannot ensure that the same hairs are located at the same position in
the overlapping part of the two images. In fact, we need to find the local distor-
tions. Therefore, in our second step, we divide the overlapping part of the first
image into different blocks and subsequently we try to find in our third step, the
corresponding blocks in the second image. Because of the local displacements,
we may not expect that the hairs in a block of the first image match perfectly
to the hairs in the corresponding block of the second image. So, we enlarge
the corresponding blocks of the second image, to be sure that "almost" all the
hairs of a block in the first image can be found back in the enlarged block in
the second image. In the fourth step, we determine the displacement of each
pair of corresponding blocks between the two images by using the standard
correlation method. Finally, we match the hairs between each pair of blocks in
the overlapping part of the two images.

5.3.1 Determine the overlapping part of two consecutive images

To find the overlapping part of the two images, we need a reference hair in
the two images, respectively, stemming from the same hair so that a global
displacement between the two images can be computed. Based on the global
displacement, we determine the overlapping part of the two images.
After segmentation and measurement illustrated in Chapter 3, Hairs can be
numbered. Based on the original images with hair number marked, as shown
in figure 5.5, we manually choose a reference hair in the two images, respec-
tively, taking into account that a reference hair must have a clear outline. Once
we have designated the reference hairs in the two images, we can calculate
global displacement parameters 1X and 1Y defined as the differences be-
tween the central points coordinates of the reference hairs (X1C , Y 1C) and
(X2C , Y 2C):

1X = X1C − X2C ,

1Y = Y 1C − Y 2C .

Then shift the second image so that its central point of the reference hair co-
incides with the central point of the reference hair in the first image. Then,
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(a) The image of 12 hours after shaving

(b) The image of 20 hours after shaving

(c) The image of 35 hours after shaving

Figure 5.4: Beard model image sequences at different moments after shaving
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Figure 5.5: image of 12hours after shaving with hair number
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Image 1

(a) Image1

Image 2

(b) Image2

Image 1

Image 2

(c) Intersection of image1
and image2

Figure 5.6: Overlapping two images based on reference hairs

the overlapping part is the intersection of the two images. Figure5.6 shows this
process.

5.3.2 Divide the overlapping part of the first image into blocks

Although the reference hairs in the two different images may superpose to
each other, this does not mean that other hairs may perfectly match because of
distortion as described in Chapter 5.1. Since the distortion is not uniform, we
inspect the images to find local displacements. To detect the local displace-
ments, we divide the overlapping part in the first image into equally sized
blocks Pst (s = 1, 2, . . . , S; t = 1, 2, . . . , T ), as shown in Figure5.7 .

Image 1

P
ST

Pst

P11 P12
P21

P1T

P
S1

...

...

Figure 5.7: Partition in the overlapping part in the first image

We denote (P X L, PYL), (P X R, PYR) by the coordinates of the top left corner
and bottom right corner of a partition block in the image.
For a partition block, we would like to have the following properties:

• There is at least one hair in a partition block;
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• One partition block contains at most 4 hairs;

• The size of a partition block should be large for large distortion and small
for small distortion.

It turns out, by viewing the images of hair model, that the value S = 8 and
T = 4 will give the appropriate sized block almost satisfying the property.
Let m and n be the height and width of a beard model image, respectively.
In our case, m = 1024 and n = 1024. From experiments, we conclude that
there is a relatively bigger distortion in the horizontal direction and a relatively
smaller distortion in the vertical direction. So, we divide the overlapping part
in the first image into 8 × 4 partition blocks, 8 in the vertical direction and 4
in the horizontal direction. In this way, the overlapping part is divided into 32
partition blocks. In general, we denote T by the number of partition blocks
in the horizontal direction and S the number of partition blocks in the vertical
direction. In our case, we have

T = 4, S = 8.

Then, the width PW of each partition block and the height P H of each partition
block are given by

PW = (n − ‖1Y‖)/T, P H = (m − ‖1X‖)/S.

Subsequently, for each partition block Pst , the coordinates of the top left cor-
ner of the partition block (P X L, PYL) and the coordinates of the bottom right
corner of the partition block (PYR, PYR) are given by

P X L(s, t) = 1X + P H × (s − 1),

PYL(s, t) = 1Y + PW × (t − 1),

P X R(s, t) = 1X + P H × s,

PYR(s, t) = 1Y + PW × t.

where s = 1, . . . , 8, t = 1, . . . , 4.
Figure5.8 illustrates a partition block Pst and its coordinates of the top left
corner(P X L , PYL ) and the bottom right corner (P X R, PYR).
Figure5.9 displays the result of partition in the first image.
However, as we may see in Figure5.9, some hairs may cross the border of the
partition blocks. This means that there are incomplete hairs in some partition
blocks. But we want to have each partition block containing complete hairs.
Therefore we construct a new set of possible overlapping blocks with different
sizes, which satisfy the requirement that not only each hair but also each hair
box is completely contained in only one new block. Furthermore, we want to
minimize each new block so that the redundant skin background can be re-
moved. In order to built such a new set of blocks , we first assume that a hair
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Image 1

Image 2

Pst

(PXL ,PYL)

t

s

(PX
R ,

PY
R
)

( X,Y)

Figure 5.8: Partition block Pst and its top left and bottom right corner

on the border belongs to a block if its central point lies in the block. Otherwise,
the beard does not belong to the block. Moreover, a block not only contains
hairs but also encloses their corresponding hair boxes obtained from segmen-
tation. So, we build a new set of blocks as follows:

For an arbitrary hair H(k) in the overlapping part of the first image, there holds

If P X L(s, t) < XC(k) < P X R(s, t) and PYL(s, t) < YC(k) < PYR(s, t)

for a certain pair of number(s, t),

then H(k) ∈ Pst

where XC(k), YC(k) denote the coordinates of the central point of the hair H(k).
For H(k), H(k) ∈ Pst ,

if X L(k) ≤ P X L(s, t) then P X L(s, t) := X L(k) end;
if YL(k) ≤ PYL(s, t) then PYL(s, t) := YL(k) end;
if X R(k) > P X R(s, t) then P X R(s, t) := X R(k) end;
if YR(k) > PYR(s, t) then PYR(s, t) := YR(k) end;
B1X L(s, t) := P X L(s, t); B1YL(s, t) := PYL(s, t);
B1X R(s, t) := P X R(s, t); B1YR(s, t) := PYR(s, t).

The above formulae indicate if the top left corner coordinates of the hair box
(X L(k),YL(k)) for the hair k is smaller than the top left corner coordinates of
the partition block (P X L(s, t), PYL(s, t)), then let the top left corner of the par-
tition block move to the top left corner of the hair box. Then (P X L(s, t), PYL(s, t))
becomes (B1X L(s, t), B1YL(s, t)). Similarly, if the bottom right corner coordi-
nates of the box (X R(k),YR(k)) for the hair k is bigger than the bottom right
corner coordinates of the partition block (P X R(s, t), PYR(s, t)), then let the
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bottom right corner of the partition block move to the bottom right corner of
the hair box. Thus, (P X R(s, t), PYR(s, t)) become (B1X R(s, t), B1YR(s, t)). In
this way, partition block Pst becomes possible overlapping block B1st . So, the
new set of blocks is no longer a partition because of existence of intersection
but each new block contains the complete hair boxes that enclose hairs inside
the block. Thus, a new set of blocks can be built by enclosing hair boxes based
on the old partition blocks. Figure5.10 displays the result of new blocks in the
first image.

Figure 5.9: Equally sized partition in the first image

5.3.3 Enlarge the corresponding blocks in the second image

According to the blocks in the first overlapping image, we can find correspond-
ing blocks in the second overlapping image. However, we must enlarge the
blocks in the overlapping part of the second image because of distortion. In
our case, we can amplify each block with a uniform increment 40 pixels in
each direction based on experiment results. Then we acquire enlarged blocks
in the second overlapping image. Enlarging corresponding blocks in the sec-
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Figure 5.10: New blocks in the first image

ond image is explained in:

Set E B = 40,

B2X L(s, t) = B1X L(s, t)− E B;
B2YL(s, t) = B1YL(s, t)− E B;
B2X R(s, t) = B1X R(s, t)+ E B;
B2YR(s, t) = B1YR(s, t)+ E B;

where E B denotes the number of pixels to be enlarged; (B2X L(s, t), B2YL(s, t)),
(B2X R(s, t), B2YR(s, t)) denote the coordinates of the top left corner and the
bottom right corner of the enlarged block in the second image.
Using the following formulae, we can find which hairs inside the enlarged
block B2st :
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For arbitrary hair H(k) in the overlapping part of the second image,

If B2X L(s, t) < XC(k) < B2X R(s, t) and B2YL(s, t) < Y 2C(k) < B2YR(s, t)

then H(k) ∈ B2st

where B2st denotes a bigger block in the second image; (XC(k), YC(k)) denote
the coordinates of the central point of the hair H(k).
Figure 5.11 displays the Enlarged blocks in the second image.

Figure 5.11: Enlarged blocks in the second image

5.3.4 Determine the displacement based on each pair of corre-
sponding blocks in the overlapping part of the two images

Once the corresponding blocks are formed in the overlapping part of the two
images, we can determine the displacement of a pair of corresponding blocks
between the two images with correlation method. We state that a block in the
first image can be regarded as a mask window and its corresponding block
in the second image can be called a search window. In order to compute the
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correlation function of a mask window and a search window, we move the cen-
tral point of the mask from pixel to pixel in the search window. Figure5.12
illustrates this process. At each pixel (x,y), the value of the correlation func-
tion γ (x, y) is the sum of products of the mask coefficients and the corre-
sponding neighborhood pixels in the area spanned by the mask, as displayed
in equation(5.2).

γ (x, y) =
S∑

s=1

T∑

t=1

(g1(s, t)g2(x −
S
2
+ s, y − T

2
+ t)) (5.2)

where g1(s, t) denotes individual gray values of the mask window matrix; g2(x−
S
2 + s, y − T

2 + t) denotes individual gray values of the search window ma-
trix; S, T denote number of rows and columns of the mask matrix. Since the
mask window and search window are both binary images in our case, that
means the value in the background is 0 and in the hair is 1. So, g1(s, t) and
g2(x − S

2 + s, y − T
2 + t) have just two values 0 and 1.

A typical result of correlation is shown in figure5.12, Figure5.12(a) shows a
mask window, Figure5.12(b) depicts the corresponding larger search window.
In figure5.12(c), a plot of the correlation function of the two windows is shown.
The position of the red peak represents the maximum of correlation function.

The position of maximum correlation function corresponds to the central point
of the mask window. That means the point of maximum correlation function
is the central point of the search window corresponding to the one in the mask
window. According to the two central points of the mask and the correspond-
ing search window, a local displacement can be found.

5.3.5 Identify individual hair from each pair of blocks in the two im-
ages

After finding a local displacement in each pair of blocks between the two im-
ages, we use the following method to match hair:
Set the central point of a mask window is (X1C(s, t), Y 1C(s, t)), and the central
point of the maximum correlation function point of the corresponding search
window is (X2C(s, t),Y 2C(s, t)).
For arbitrary hair H(k) that belongs to the mask, namely H(k) ∈ B1st , we
can seek the matching area (it has the same size as the hair box) in its search
window with the following formulae:

M X L(k) = X L(k)+ X2C(s, t)− X1C(s, t),

MYL(k) = YL(k)+ Y 2C(s, t)− Y 1C(s, t),

M X R(k) = X R(k)+ X2C(s, t)− X1C(s, t),

MYR(k) = YR(k)+ Y 2C(s, t)− Y 1C(s, t).

60



(a) The block in the first image(the mask win-
dow)

(b) The corresponding block in the second im-
age(the search window)

(c) The correlation result

Figure 5.12: The correlation function between a mask window and a corre-
sponding searching window

where (M X L(k),MYL(k)) and (M X R(k),MYR(k)) denote the top left corner
coordinates and bottom right corner coordinates of the matching area M B2 in
the second image corresponding to the hair H(k).
We assume that all hairs inside the matching area is possible identical to the
hair in the mask window. All hairs inside the matching area can be expressed
as follows:

If M X L(k) < X2C(q) < M X R(k) and MYL(k) < Y 2C(q) < MYR(k),

then H(q) ∈ M B2(k)

where M B2(k) denotes the matching area in the search window correspond-
ing to hair H(k) in the first image; (X2C(q),Y 2C(q)) denote the central point
coordinates of the hair H(q) in the second image.
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In the matching area, there may be no hair, one hair or more than one hairs
corresponding to hair H(k) in the mask window. No hair in the matching
area represents no hair in the search window match to hair H(k) in the mask
window. One hair in the matching area indicates we find a hair in the search
window to match hair H(k). More than one hairs in the matching area mean
more than one hairs can match to hair H(k). In our case, we choose the first
hair in M B2(k) to match the hair H(k).

5.4 Match Results

In this section, we would like to present match results of two given series of
beard images. In the first subsection, we give experiment results for three im-
ages of after shaving 12, 20 and 35 hours. In the second subsection, to verify our
algorithm, we choose two images that were taken in very short interval to test.
We suppose that the beard hair growth rate for the two images is zero because
the images were taken at almost same time. If the results we compute display
that the beard hair growth rate is mostly zero, that means our algorithms are
feasible.

5.4.1 Experiment results for three images of after shaving 12, 20
and 35 hours

Matching results displayed in figures for two image of after shaving 12, 20hours:

Figure5.13 shows the match results. In Figure5.13(a), the black numbers denote
the numbers of hairs in the 12 hours image and the white numbers display the
numbers of hairs in the 20 hours image.

Matching results displayed in table for two image of after shaving 12, 20hours:
Table5.1 shows the data for match and the match results. The first column
Num12 denote the hair numbers in the 12 hours image; the second column
Num20hand denotes the hair number in the 20 hours image matching to the
corresponding hair number in the 12 hours image by hand; the third column
Num20auto denotes the hair number in the 20 hours image matching to the
corresponding hair number in the 12 hours image automatically; the last col-
umn Result denote the matching result: ok shows the correct match; nofind
shows cannot find the corresponding beard in the 20 hours image; error shows
find wrong corresponding hair in the 20 hours image.

Additionally, in the second column Num20hand, 0b denotes that the hair in
the first image cannot be found in the second image because it is outside the
second image’s boundary; 0s denotes that the hair in the second image cannot
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be recognized because of segmentation omitting.

Matching results displayed in figures for two image of after shaving 20, 35hours:
Figure5.14 shows the match results. In Figure5.14(a), the black numbers denote
the numbers of beards in the 20 hours image and the white numbers display
the numbers of beards in the 35 hours image.

Matching results displayed in table for two image of after shaving 20, 35 hours:
Table5.2 shows the same data information between 20 hours image and 35
hours image.

Table 5.1: Match results for 12hours and 20hours

Num12 Num20 Num20 Result
hand auto

1 0b 0 ok
2 0b 0 ok
3 0b 0 ok
4 0b 3 error
5 0b 0 ok
6 0b 0 ok
7 1 1 ok
8 0b 0 ok
9 0b 0 ok
10 0b 0 ok
11 0b 0 ok
12 0b 3 error
13 2 5 error
14 0b 0 ok
15 6 6 ok
16 3 0 nofind
17 0b 0 ok
18 10 10 ok
19 4 0 nofind
20 7 7 ok
21 5 9 error
22 11 11 ok
23 17 10 error
24 0b 0 ok
25 14 14 ok
26 0s 0 ok
27 16 0 nofind
28 12 19 error
29 9 9 ok
30 0b 0 ok
31 20 20 ok
32 15 15 ok
33 18 18 ok
34 0b 0 ok
35 21 21 ok

Num12 Num20 Num20 Result
hand auto

36 0b 0 ok
37 19 0 nofind
38 26 0 nofind
39 22 0 nofind
40 25 25 ok
41 27 27 ok
42 29 0 nofind
43 0b 0 ok
44 34 34 ok
45 0b 0 ok
46 33 33 ok
47 28 0 nofind
48 37 34 error
49 0s 36 error
50 39 39 ok
51 41 0 nofind
52 0b 0 ok
53 36 43 error
54 46 46 ok
55 40 0 nofind
56 44 44 ok
57 42 0 nofind
58 0s 0 ok
59 0b 0 ok
60 0s 0 ok
61 0s 0 ok
62 43 0 nofind
63 52 52 ok
64 50 55 error
65 0b 0 ok
66 0s 0 ok
67 54 54 ok
68 56 56 ok
69 0b 0 ok
70 55 0 nofind
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Table 5.2: Match results for 20hours and 35hours

Num20 Num35hand Num35auto Result
1 12 0 nofind
2 16 16 ok
3 18 18 ok
4 20 0 nofind
5 22 22 ok
6 21 21 ok
7 24 24 ok
8 31 0 nofind
9 30 30 ok
10 25 25 ok
11 28 28 ok
12 33 33 ok
13 38 31 error
14 32 32 ok
15 36 36 ok
16 34 34 ok
17 35 35 ok
18 39 39 ok
19 41 41 ok
20 0s 0 ok
21 40 40 ok
22 42 42 ok
23 0b 0 ok
24 0b 0 ok
25 43 43 ok
26 44 44 ok
27 47 47 ok
28 49 49 ok
29 48 48 ok

Num20 Num35hand Num35auto Result
30 0s 46 error
31 51 51 ok
32 0b 0 ok
33 54 54 ok
34 53 53 ok
35 55 0 nofind
36 58 58 ok
37 56 56 ok
38 0b 51 error
39 59 59 ok
40 60 63 error
41 62 62 ok
42 0b 0 ok
43 0b 0 ok
44 0b 62 error
45 0b 0 ok
46 0b 0 ok
47 0b 0 ok
48 0b 57 error
49 0b 0 ok
50 0b 0 ok
51 0b 0 ok
52 0b 0 ok
53 0b 0 ok
54 0b 0 ok
55 0b 0 ok
56 0b 0 ok
57 0b 0 ok

Analysis for experiment results:
According to the match results, we can calculate the correct match rate C , the
wrong match rate W , and the invalid match rate I for 12 hours image and 20
hours image based on Table5.1, as follows:

C = the number of ok

the total number
= 47

70
= 67.14%

W = the number of error

the total number
= 10

70
= 14.29%

I = the number of nofind

the total number
= 13

70
= 18.57%

Similarly, we also calculate C, W and I for 20 hours image and 35 hours image
based on Table5.2:
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C = the number of ok

the total number
= 47

57
= 82.46%

W = the number of error

the total number
= 6

57
= 10.53%

I = the number of nofind

the total number
= 4

57
= 7.02%

Compute growth rates based on experiment results for all three images of after
12, 20 and 35 hours:
We seek the same hairs in the three images by computer. Also find these hairs’
length. From the the different length of the same hair at different moments, a
hair growth rate and the length after shaving immediately can be calculated by
a least square method, as shown in Table5.3.

Table 5.3: Find hair length in three different moments and growth rate automa-
tion

Num Num12 Num20 Num35 Length12 Length20 Length35 growthrate Length0
1 15 6 21 23 21 38 0.714 11.4
2 18 10 25 22 26 41 0.848 10.7
3 20 7 24 19 27 36 0.721 11.2
4 22 11 28 14 19 31 0.747 4.7
5 25 14 32 35 37 45 0.447 29.0
6 29 9 30 16 25 42 1.131 2.4
7 32 15 36 32 33 47 0.688 22.0
8 33 18 39 22 26 41 0.848 10.7
9 35 21 40 23 33 46 0.983 12.0
10 40 25 43 30 39 52 0.945 19.2
11 41 27 47 33 34 34 0.038 32.8
12 44 34 53 22 26 34 0.523 15.6
13 46 33 54 35 35 59 1.115 18.1
14 50 39 59 26 28 38 0.54 18.6

5.4.2 Experiment results for two given images

Figure5.15 shows the match results of ee and twee images. Table5.4 displays
the data for match and the match results. According to the match results, we
can calculate the correct match rate C , the wrong match rate W , and the invalid
match rate I for 12 hours image and 20 hours image based on Table5.1, as fol-
lows:

65



C = the number of ok

the total number
= 74

96
= 77.08%

W = the number of error

the total number
= 7

96
= 7.29%

I = the number of nofind

the total number
= 15

96
= 15.63%

Then we find the same hairs in the two images and compute their length in-
crease. Table5.5 displays the results. We find around the correct rate is 85.94%
if we assume error tolerance is ±4.
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(a) The mapping between 12 hours and 20 hours

(b) The image of 20 hours after shaving

Figure 5.13: The results of matching between 12 hours and 20 hours
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(a) The mapping between 20 hours and 35 hours

(b) The image of 35 hours after shaving

Figure 5.14: The results of matching between 20 hours and 35 hours
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(a) The mapping between first image and second one

(b) The image of twee after shaving

Figure 5.15: The results of matching between ee and twee
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Table 5.4: Match results for ee and twee

Numee Numbertwee Numbertwee Result
byhand automation

1 0b 0 ok
2 2 2 ok
3 3 3 ok
4 5 5 ok
5 6 6 ok
6 4 4 ok
7 9 0 nofind
8 7 7 ok
9 10 10 ok
10 8 8 ok
11 14 14 ok
12 13 13 ok
13 12 12 ok
14 19 19 ok
15 16 16 ok
16 18 18 ok
17 15 15 ok
18 17 17 ok
19 0b 0 ok
20 22 22 ok
21 20 20 ok
22 23 23 ok
23 26 26 ok
24 27 27 ok
25 21 21 ok
26 24 24 ok
27 28 0 nofind
28 0b 0 ok
29 29 29 ok
30 31 31 ok
31 32 32 ok
32 0s 0 ok
33 30 30 ok
34 35 35 ok
35 34 34 ok
36 38 38 ok
37 36 36 ok
38 39 39 ok
39 37 37 ok
40 42 42 ok
41 40 40 ok
42 45 45 ok
43 44 44 ok
44 46 46 ok
45 51 51 ok
46 0b 0 ok
47 50 50 ok
48 55 55 ok
49 54 0 nofind
50 49 49 ok

Numee Numbertwee Numbertwee Result
byhand automation

51 48 48 ok
52noise 0noise 0

53 53 53 ok
54 0b 0 ok
55 0s 0 ok
56 60 60 ok
57 58 58 ok
58 57 57 ok
59 56 56 ok
60 62 62 ok
61 66 66 ok
62 0b 61 error
63 64
64 65 65 ok
65 63 63 ok
66 67 67 ok
67 71 71 ok
68 61 61 ok
69 69 69 ok
70 70 70 ok
71 68 68 ok

72noise 0noise 0
73 74 74 ok
74 73 0 nofind
75 0s 71 error
76 72 0 nofind
77 77 77 ok
78 76 0 nofind
79 79 79 ok
80 80 80 ok
81 78 0 nofind
82 82 83 error
83 81 81 ok
84 83 0 nofind
85 87 0 nofind
86 84 0 nofind
87 0b 0 ok
88 85 85 ok
89 0b 0 ok

90noise 0noise 89
91 92 92 ok
92 93 92 error
93 88 0 nofind
94 91 0 nofind
95 95 103 error
96 94 0 nofind
97 97 95 error
98 99 0 nofind
99 101 0 nofind
100 0s 100 error
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Table 5.5: Find hair length and differences for ee and twee

Num Numbe Number Lengt Length Deff
ber rOfee Oftwee hOfee Oftwee eren
1 2 2 22 24 -2
2 3 3 23 21 2
3 4 5 21 22 -1
4 5 6 22 22 0
5 6 4 27 26 1
6 8 7 13 12 1
7 9 10 24 24 0
8 10 8 26 25 1
9 11 14 21 21 0
10 12 13 13 14 -1
11 13 12 15 15 0
12 14 19 24 24 0
13 15 16 13 22 -9
14 16 18 20 16 4
15 17 15 10 10 0
16 18 17 24 19 5
17 20 22 31 31 0
18 21 20 21 19 2
19 22 23 16 24 -8
20 23 26 15 17 -2
21 24 27 18 19 -1
22 25 21 37 36 1
23 26 24 20 35 -15
24 29 29 27 27 0
25 30 31 35 31 4
26 31 32 22 22 0
27 33 30 14 16 -2
28 34 35 10 10 0
29 35 34 20 19 1
30 36 38 18 18 0
31 37 36 24 14 10
32 38 39 23 20 3

Num Numbe Number Lengt Length Deff
ber rOfee Oftwee hOfee Oftwee eren
33 39 37 31 29 2
34 40 42 10 11 -1
35 41 40 14 14 0
36 42 45 22 22 0
37 43 44 27 17 10
38 44 46 16 7 9
39 45 51 32 29 3
40 47 50 12 13 -1
41 48 55 17 20 -3
42 50 49 15 11 4
43 51 48 29 26 3
44 53 53 13 16 -3
45 56 60 16 18 -2
46 57 58 8 10 -2
47 58 57 14 14 0
48 59 56 15 7 8
49 60 62 22 24 -2
50 61 66 18 18 0
51 64 65 12 13 -1
52 65 63 12 9 3
53 66 67 16 18 -2
54 67 71 33 33 0
55 69 69 22 23 -1
56 70 70 22 11 11
57 71 68 16 18 -2
58 73 74 23 20 3
59 77 77 16 12 4
60 79 79 18 19 -1
61 80 80 16 16 0
62 83 81 18 17 1
63 88 85 9 9 0
64 91 92 28 25 3
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Chapter 6

Conclusion

Summary, conclusons and recommandations

Segmentation of beard images, computing the hair features (length and diam-
eter) of a single hair in a beard and identifying a single hair in a series of beard
images taken from a beard at different time moments, are the key subjects in
this thesis. We have presented a method to divide the whole gray scale im-
age into different sized subimages with only one hair in it and with a uniform
background (skin) so that Otsu’s method in the three classes version could be
successfully be applied to locate the hair positions. The measurements of the
hair length and diameter is carried out in two stages. Firstly, we have applied
a least square method to find the major axis of the hair pixels and found an
estimate for the length and diameter of a hair. Secondly, because of the fact
that a part of a hair could be below the skin, we have fine tuned our length
and diameter computations by means of least square fitting with help of a step
function.

An important part of this thesis is spent to a matching method to identify
same hairs in two different images taken at two different time moments of
the same beard. To reduce the complexity of identification, we preprocess the
two real beard images and construct two artificial images (beard model images)
in which the hairs are represented by rectangles with a certain size and direc-
tion. The matching method starts with finding the overlapping part of the two
beard model images and by designating in each image a reference hair. Then
the overlapping part as part of the first image is divided into different subim-
ages enclosing hair boxes obtained from segmentation. These subimages are
mapped to the second image. Because of the local distortions between the-
ses two images, we have enlarged the mapped subimages in the second image
to guarantee that hairs from the corresponding subimage in the first image
could be found back in the enlarged subimage. By using a standard correla-
tion method, we found the local displacements between the two images and
subsequently a relative high number of matching hairs. From experiments we

72



may conclude that our methods perform well with matching rates around 70%.
However, finding the reference hairs must be done “ by hand” and the enlarge-
ments of the subimages in the second image seems to a tricky affair.

In this thesis, we assumed that locally a distortion could be described as a sim-
ple displacement (translation) and we disregarded the rotation distortion. Pos-
sible future work could investigate the effect of local rotation distortion.
In practice, a partition of subimages containing only one hair is hard to match
because it lose the information regarding mutual relative position of hairs. The
ideal subimages should contain three or four hairs. It is recommended to con-
struct a robust method producing these subimages.
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Appendix A

Appendix

Morphological Operations
After the initial segmentation, we often use morphological operations to im-
prove the resulting image. Before we discuss morphological operations, we
would like to present some basic concepts for set theory which will be used in
morphological operations.
Let Z be the set of integers and let A be a set in Z2, the elements of which are
pixel coordinates(x, y). If w = (x, y) is an element of A, then we write

w ∈ A

Likewise, if w is not an element of A, we write

w /∈ A

A set B of pixels coordinates which meet a particular condition can be written
as

B = {w‖condition}
A set of all pixels coordinates that do not belong to set A, denoted Ac, is given
by

Ac = {w‖w /∈ A}
This set is called the complement of A.
The union of two sets, denoted by

C = A ∪ B

is the set of all elements that belong to either A, B, or both. Similarly, the
intersection of two sets A and B is the set of all elements that belong to both
sets, denoted by

C = A ∩ B

The difference of sets A and B, denoted A − B, is the set of all elements that
belong to A but not to B:

A − B = {w‖w ∈ A, w /∈ B}
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In addition to the preceding basic set operations, morphological operations of-
ten require two operators that are specific to sets whose elements are pixel
coordinates. The reflection of set B, denoted B̂, is defined as

B̂ = {w‖w = −b, for b ∈ B}

The translation of set A by point z = (z1, z2), denoted (A)z , is defined as

(A)z = {c‖ c = a + z, for a ∈ A}

The operations of dilation and erosion are fundamental to morphological
operations. Many other morphological operations are based on these two ones.

• Dilation
Dilation is an operation that "grows" or "thickens" objects in a gray-scale
or binary image. The specific manner and extent of this thickening is
controlled by a shape referred to as a structuring element. Dilations use-
ful for filling holes in segmented objects.
Mathematically, dilation is defined in terms of set operations. The dila-
tion of A by B, denoted A ⊕ B, defined as

A ⊕ B = {z‖(B̂z) ∩ A 6= Ø}

where Ø is the empty set and B is the structuring element. In words, the
dilation if A by B is the set consisting of all the structuring element ori-
gin locations where the reflected and translated B overlaps at least some
portion of A.

• Erosion
Erosion "shrinks" or "thins" objects in a gray-scale or binary image. The
manner and extent of shrinking is controlled by a structuring element.
Erosion is useful for removing from a segmented image objects that are
too small to be of interest.
The mathematical definition of erosion is similar to that of dilation. The
erosion of A by B, denoted A 	 B, is defined as

A 	 B = {z‖(Bz) ∩ Ac 6= Ø}

In other words, erosion of A by B is the set of all structuring element ori-
gin locations where the translated B has no overlap with the background
of A.

In practical applications, dilation and erosion are often used in various com-
binations. Next, we will introduce two common combination of dilation and
erosion: opening and closing.
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• Opening
The morphological opening of A by B, denoted A ◦ B, is erosion of A by
B, followed by dilation of the result by B:

A ◦ B = (A 	 B)⊕ B

Morphological opening removes completely regions of an object that can-
not contain the structuring element, smoothes object contours, breaks
thin connections and removes thin protrusions.

• Closing
The morphological closing of A by B, denoted A•B, is a dilation followed
by an erosion:

A • B = (A ⊕ B)	 B

Like opening, morphological closing tends to smooth the contours of ob-
jects. Unlike opening, however, it generally joins narrow breaks, fills long
thin gulfs, and fills holes smaller than the structuring element.
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