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Abstract
Objective: The textural structure of “skin age” related sub-skin components enables us to identify and
analyse their unique characteristics, thus making substantial progress towards establishing an accurate
skin age model. Methods: This is achieved by a two stage process. First by the application of textural
analysis using laser speckle imaging, which is sensitive to textural effects within the λ=650 nm spectral
band region. In the second stage a Bayesian inference method is used to select attributes from which a
predictive model is built. Results: This technique enables us to contrast different skin age models, such
as the laser-speckle effect against the more widely used normal light (LED) imaging method, whereby it
is shown that our laser speckle based technique yields better results. Conclusion: The method introduced
here is non-invasive, low-cost and capable of operating in real-time; having the potential to compete
against high-cost instrumentation such as confocal microscopy or similar imaging devices used for skin
age identification purposes.

Introduction
The cellular structure of sub-skin features such as cells at the basal layer called “basal keratinocytes” or
blood capillary loops may enable us to exploit texture based algorithms to identify their unique
characteristics to predict skin age higher accuracy than conventional image analysis techniques. The
method would lead to more accurate skin age identification without the need for high-cost comprehensive
imaging instrumentation. As presented by previous researchers [1][2] skin age depends on physical
characteristics of sub-skin features such as basal keratinocytes cells, skin blood flow and blood capillary
loops. These features can normally be examined by very comprehensive instruments including confocal
microscopy [6], high resolution IR imaging systems, photoacoustic tomography etc. whereas in our work
an alternative skin age prediction process can be accomplished by the application of cellular textural
analysis in association with a low-cost laser speckle imaging method specified at the 650nm spectral band
region, comprehensive texture analysis and the use of machine learning tools like Bayesian networks
(BN) [19][20] or SVM[17][18]. Our previous experiments [3][4][5] demonstrated that such a unified
method which comprises the above utilities may be capable of identifying the subtle skin abnormalities
such as the early stage of skin moles, skin disorders or skin damages, etc. The different variants of
applying this method to analyse skin features only necessitate the re-selection of laser wavelength, power
and system geometry, without the need for any substantial change in methodology.
Skin ageing is a complex biological process which affects different skin layers, structures and
components. Modelling of skin ageing process is important for many different aspects including skin
health and cosmetics [1][3][6]. This can help better understand skin growth, damage and disease as well
as the management of personalised skin care. The motivation and hypothesis behind our work are
therefore as follows: One of the major textural changes through the skin ageing process occurs in the cell
sizes at the basal layer [1] which is located at approximately 0.1mm skin depth. It was reported that Red
laser light (=650 nm) can penetrate up to 2mm downward into the skin [8] and may interact with these
cells (basal keratinocytes) to generate cellular textural effects due to cell network structure. These textural
forms normally convey indirect information about the changes in cell size and their structural
characteristics, by the series of comparative observations (e.g. different skin age classes). The other
textural changes which arise from blood flow (due to textural intensity of blood cells) was studied by
Ryan (2004) [2]. It was concluded that over an age group from 20 to 72 skin blood flow falls by 40% by
ageing. In addition, the Red laser light used in our earlier tests was found to have an optimal wavelength
of 650 nm to detect reflections from red blood cells [3]. These textural forms of skin images are built
using the laser speckle phenomenon, but it does not directly provide any absolute information of cell size
or its structure, hence the images should be evaluated comparatively between class samples. Similar non
invasive techniques used for skin age prediction process are usually based on characterisation of skin
surface features (e.g. wrinkles, etc.) using (non-laser) normal light sources [7]. Kyungrok et al. [9] and
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Hayashi et al. [10] presented findings of skin age estimation by using the wrinkle features of skin. The
works yield reasonable results of age estimation to some extent, but their methods only rely on skin
surface geometry and hence quite superficial in comparison to our broader range modelling. The
remarkable advantage of our new method over the above ones is demonstrated by our experimental
results in later sections. Our work introduced here aims to bring low-cost and non-invasive solutions to
deliver accurate and reliable assessments of the skin-ageing process by a laser-optical and textural
analysis of sub-skin layers, exploiting the textural characteristics of the skin as the majority of skin tissues
can be visualised in textural form including skin cells and micro blood vessels. This study is the extension
of our group’s earlier successful study on novel and robust skin modelling for the diagnosis of skin
abnormalities, which was achieved by combining laser speckle imaging and texture analysis [3]. The
cost-effectiveness is the major advantage of the system, as it consists of one ordinary digital camera
(about 50-100 USD) and a laser pointer (5-10 USD). Whereas the similar alternative systems such as
Laser Speckle Contrast Analyser (LASCA), confocal microscope (which cost between 50K – 100K) or
Raman spectroscope prices about 10K-30K USD. [3]. The methods are not aimed at substituting all
aspects of such high-cost instrumentation. However, it will be effectively used to undertake some of their
important functions to assess skin ageing progress at earlier stages by means of such a low-cost reliable
and easy-to-use instrumentation and method, which is one of the most desirable components of current
healthcare systems around the world. To the best of our knowledge, this pilot study is the first of its kind
yielding better results than normal light (e.g. LED) based methods, and its low-cost and non-invasive
characteristics are expected to have a great potential in both healthcare and cosmetic sectors.

Methods and materials
a) Data sets for laser based and normal light imaging
In our study 122 participants aged between 18 and 60 years are examined using laser and normal light
(LED) image data sampling methods (Figure 1). The classification model is built to distinguish between
two age groups, representing subjects who are younger than 30 years of age (group A) and subjects older
than 30 years of age (group B). The data set was built in the following order: 1) The images of Laser light
illumination causing a speckle effect on the skin areas were taken by a CCD camera; 2) Two image
segment areas at two specific locations of each laser speckle image were chosen for analysis by two
different speckle characteristics being small and large texture primitives; 3) Each texture measurement
was applied to each image segment area one by one to calculate statistical textural values; 4) same texture
measurements were applied to the skin surface image segments taken under normal light illumination.
The total measurement set consisting of being 27 attributes (18 for laser speckle imaging and 9 for normal
light).

Figure 1. The age distribution histogram of participants used for image data sampling collection
Where the majority group shown is aged 29.
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For data collection, forearm region is used for the ethical convenience (e.g. forearm is less risky than
forehead for a danger of laser exposure to the eyes) but forearm is not particularly selected for a
physiological reason. This is because, to the best of our knowledge, no any evidence exist in the literature
that, a particular body location yields best results for laser speckle method, as almost all past “skin age”
studies were based on normal light other than laser light with its speckle effects.
b) system configuration
The physical characteristics of laser speckle effect is very sensitive to the optical system geometry,
particularly incident light and reflection angles. These angles must always be kept constant for each
measurement for accurate results, where in our case they are  = 23o for incident light and  = 2o for
reflected light from the skin surface respectively. The complete system configuration is shown in Figure2.
The incident and reflection angles are selected randomly (at the system’s manufacturing stage) in the
system configuration and always kept constant. Hence they are not specifically selected at a certain
degree. This is because the Laser speckle imaging (LSI) method is “comparative” rather than quantitative
one. The only important factor is that the all skin LSI measurements have to be done in the same
geometric conditions with same angular configuration.
Imaging Equipment
A modified commercial digital CCD camera with a resolution of 3840x2880 is used for laser speckle
image data collection as depicted in Figure 2. On the image a single pixel refers to 2.8 m. An optical
modification is made on the objective for close-range image acquisition with non-auto focus ability to
keep the geometry of images at constant level. A red laser source is attached to the camera such that it
illuminates approximately 10mm diameter area of interest on the forearm skin of each participant at 23o of
angle to the skin surface normal (directed by interior surface-coated mirror) to generate speckle effect.
The laser source is a low level (1mW) collimated red laser (=650 nm) whose power is much less than
maximum permissible exposure (MPE) being 2000 Wm-2 for human skin for an exposure time 5-10
hours. The exposure time of the laser used is only 3-5 second. For comparison, White light back-scatter
data collection from the sub-skin layers is also accomplished using a single LED illumination. The CCD
camera objective aperture has been specifically designed such that the environmental light changes do not
affect the imaging process adversely. The camera position is kept constant (approximately 2o degree to
skin surface normal) during the image acquisition of both sampling categories for an accurate
comparison.

Figure 2 - Laser light behavioural characteristics through the skin layers. Minor and major back scatters
are represented by short and long arrows respectively where the most skin age parameters are located at
0.1mm depth of skin. Since the reflected laser light conveys mixture of different skin component
information simultaneously, an efficient discrimination method has to be utilized to separate them.
(e.g. laser wavelength whose interaction is specific to the target skin component)
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b) Laser speckle imaging
Laser speckle imaging is a well-known method [13][14] and is widely used in skin based medical
applications such as capillary blood flow in skin layers[15] and skin modelling [3]. In our experiments, a
specifically designed device is used to collect laser speckle images of the skin samplings. Since the
geometric configuration of imaging devices may vary broadly, the laser speckle technique is based on
comparative analysis rather than absolute measurements. Hence the quality or minor error sources for the
system such as environmental lab conditions, lens distortion, etc. are common and may be ignored. The
laser speckle effect is based on a physical phenomenon whereby coherent light (e.g. laser) scattered from
a collection of randomly distributed particles (e.g. coarse glass surface) generates a characteristic random
interference pattern which is called The Laser Speckle pattern. Briers and Webster [15] formulated the
laser speckle contrast as:
Speckle Contrast K = s /  I 

(1)

Where K is speckle contrast (0<K<1) whose ideal value is 1. s is the standard deviation of the spatial
intensity variations in the speckle pattern. I can be taken as a spatial average.
c) Texture analysis method

The values in the data set have been calculated from 9 types of textural measures [11] for two types of
window sizes applied on the selected (120x120 pixel) image segment areas at two different locations of
each laser speckle image (brighter and darker regions of laser illuminated area on the skin surface). The
data set contains a total of 122 independent cases of laser speckle measurements from the participants and
contains 27 total extracted attributes, which include 9 texture measures x 2 types of pixel windows (3x3,
5x5) of laser speckle and 9 normal light (LED illuminating) texture measures. As far as such texture
analysis is concerned, large window size produce large edge effect at the class edges but provide more
stable texture measures than small windows. In return, small window size is less stable but has smaller
edge effect [12]. The texture measures used are shown by Formulas 2-6 in Figure 3.
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Figure 3 - laser speckle (top-right) and normal light (bottom-right) skin image samplings subject to
texture analysis by (3x3) and (5x5) pixel window size calculation process by different (2-6)
texture measures (on the left)
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Any textural image (image segment) should contain very regular and homogenous textural content,
having sufficient texture primitives for a statistical process. These two conditions (homogeneity and
sufficient texture content) can be justified for only some restricted parts of a Laser speckle image but not
for the whole image due to non-homogeneity . In addition to these requirements, more than one type of
samplings have to be selected on different energy band regions (different level of laser light scatterings)
on the same image to increase skin content information conveyed by the skin-penetrating laser light.
d) Bayesian Networks
Bayesian networks are useful methods by which very comprehensive data analysis can be made [19][20].
Bayesian network graphical representations of the interaction between the attributes can also be observed.
In Bayesian networks, each attribute is represented by a node which is connected to another node with a
link if there is substantial information flow between these two attributes. Each node represents a database
attribute and is called a variable. The connections (arcs) between the nodes represent dependency
relationships of variables. Bayesian networks are very efficient tools for modeling the joint probability
distributions of variables. For example, if A = {X1,…Xn} is a random variable which denotes patterns
spanning the n = NxM dimensional vector space, the joint probability distribution P = (X1,…Xn) is then a
product of all conditional probabilities and may be expressed in Eq.7

(7)

Where pa(Xi) is the parent set of Xi. In order to accomplish the Bayesian classifier network construction,
PowerPredictor™ utility was used within the experiments. The Bayesian networks tool used within the
system, yields a maximum classification accuracy by use of two classes (two age groups) which
performs better than three or more classes. Within this work the priority is given to classification accuracy
rather than a larger scale of age groups. However such sort of balance would be kept easily or adjusted
optionally in the bayesian tool setup by the selection of different parameters (number of group v
classification accuracy) as this reflects the nature of statistical classifiers. Within this work Bayesian
tool is preferred over the other classifiers since it exhibits a graphical representation of cause-effect links
between the data attributes to interpret more easily. Here Bayesian classifier is used with its specific
parameters (specified in classification results section) for the classification of whole data set that consists
of textural analysis values for each laser speckle image segment. The whole data set (with 122
participants) is divided by the two classes of age groups whose distribution numbers can be seen in the
histogram (Figure 1), then each class is further divided by training and test sets by the ratio of 3/2
approximately.

Results and discussion
Optimization of Light type and texture measure
For the tests we have used two types of data sets C) laser speckle based image texture analysis D) normal
light (white colour LED) based image texture analysis, for comparison to justify the discrimination
advantage of the laser speckle phenomenon over the normal light (LED). The optimum texture measures
are also selected automatically by Bayesian classification utility shown in Figure 4 and the distinct
advantage of laser light over the normal one is proven by the test results presented in the following
sections.
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Bayesian Classification results
The comparison between our unified method based of laser-speckle imaging, and the conventional normal
light based method is made by using Bayesian network (BN) classification tool (PowerPredictor™). The
results show that laser speckle method (Figure 4) has distinct advantages (classification accuracy = 78%)
over the light based method shown in Figure 5 (classification accuracy = 57%), where for one-to-one
comparison, exactly same conditions such as; the same training/test sets and BN parameters (e.g.
threshold (t = 0.1), discretisation method (equal frequency), same texture measure (skew(3x3), etc.) are
used. In the classification process two age categories (a < 30 and b > 30 ) are used.
The Confusion matrix as shown in Table 1, includes both laser speckle and normal light based analysis
for a comparison of both methods whose classification accuracies are 78% and 57% respectively. In the
table even though the normal light based analysis exhibits a value of 84% for cross match of Classes
A vs. A, which is close to laser speckle one (89%), it shows much lower performance (28%) for cross
match of its Classes B vs. B in the table.

TABLE I . CONFUSION MATRIX WITH PREDICTIVE ACCURACIES (%) AS THE RESULT OF
BAYESIANCLASSIFIER

classes

A (age<30
years)
B (age>30
years)

Laser speckle analysis
A (age<30
B (age>30
years)
years)
89%
33%

Normal light based analysis
A (age<30
B (age>30
years)
years)
84%
72%

11%

16%

67%
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28%

Results of laser-speckle image based configuration

Ir2_Skew1

Skin Age
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Skin Colour
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Figure 4 – For laser speckle skin imaging based model construction, the best predictive texture measures
are used (r2_skew1 and ir2_russ2) which are automatically selected by Bayesian inference tool
PowerPredictor™ during the classification process (right image). The nodes left disconnected
automatically are those whose contributions would not change the accuracy results. For the surface fit
process Interpolant method with bi-harmonic (v4) is used yielding the goodness-of-fit results as :
r2_skew1 : SSE = 4.023e-022 and ir2_russ2 : SSE = 3.827e-023. The model is also based on assumption
that there is biologically close correlation between the normal age and the skin age.
Results of normal light (LED) image based configuration
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skin age
Skin colour

vis_skew1

Figure 5 - For normal light (LED) skin imaging based model construction (right image), the best
predictive texture measure is used (vis_skew1) which is automatically selected by bayesian inference tool
PowerPredictor™ (left image). For the surface fit process Interpolant method with bi-harmonic(v4) is
used yielding goodness-of-fit result : SSE = 7.07e-022. The model is based on assumption that there is
biologically close correlation between the normal age and the skin age
2

The goodness of fit indicator : SSE = Sum(i=1 to n){wi (yi - fi) }. In the formula yi : observed data value
and fi : predicted value from the fit. wi : weighting (applied to each data point and it is usually 1). A value
closer to 0 indicates that the model has a smaller random error component, and it means that the fit will be
more useful for prediction

Conclusion
Laser speckle imaging method yields a better “skin age prediction” results than normal (LED) light
imaging technique. This may be due to specific characteristics of laser light, having more condensed
energy and constant (stable) wavelength than normal light. Its nature also necessitates a high level of
interaction with sub-skin components (e.g. textural cellular or blood loops network of skin ) which causes
speckle effects whose parameters are specific to the physical aspects of a skin component. These sort of
back scatterings lead to specific signature of skin components providing a high level of discrimination
power for skin age identification [3]. The classification accuracy results which are 78% for our method
and 57% for light based method proves that, our method has distinct advantage over the conventional
“light based” ones. The more comprehensive data set (more sampling from broader age group and more
attributes) will certainly improve our skin age model where the current statistical measures already
indicate that laser based data is more stable than normal light based data. This is shown by the model
parameters SSELaser = 3.827e-023 and SSELED = 7.07e-022 for our laser based and normal light based
imaging respectively.
The study presented in this paper introduced a cost effective and non-invasive unified technique to be
used in not only skin based researches carried out by the academic institutions but also the assessment of
skin health by healthcare and cosmetic practitioners, who cannot afford high-cost instrumentations such
as confocal microscopy. The proposed work exploited the flexible characteristics of lasers, image
processing techniques like texture analysis and Bayesian networks to achieve its target. It also
demonstrated a substantial improvement of laser based techniques over the conventional normal lights for
skin aging analysis to support the similar works.
To the best of our knowledge, this successful pilot study is the first of its kind, and the method and lowcost equipment developed resulted in a promising result that demonstrates the capability of accurately
distinguishing the two age groups, and are therefore expected to have a great potential in both healthcare
and cosmetic sectors. Even though the best classification accuracy is obtained by use of two age groups, In
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future works more age groups would be used provided that a type of classifier ( less sensitive to large
number of classes) may be used. Further study will therefore be geared towards two directions (1) to
improve the predictive accuracy by developing new characteristic features of skin and improving image
processing methods and (2) to be able to predict actual skin age by more accurate skin age models, which
is expected to play a key role in personalized skin care.
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