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Abstract

In this thesis, the method of using multispectral imaging system in rapid and less
substrate-dependent detection of blood stains deposited on construction materials have been
developed and demonstrated. First, a number of reflectance spectra of different stains on
many substrates have been collected using a simple calibration method. It is found that the
shapes of the blood stain reflectance spectra are much influenced by the reflectance spectrum
of the substrate on which they are deposited. Kubelka Munk (KM) theory is applied to
transform the acquired stains’ reflectance spectra into the less substrate dependent KM
absorbance spectra. Blood discrimination criteria based upon spectral parameters are then
established from empirical data, tested, and refined. In our newly invented method, instead
of introducing conventional contrast enhancement on the stain images, blood stain
determination is executed mathematically via Boolean logics, resulting in more
discriminative blood stain identification. This proposed approach allows for non-destructive,
quick, discriminative, and easy-to-improve presumptive blood stain detection. Experimental
results confirm that our blood stain discrimination criteria can be used to locate blood stains
on several construction materials with high precision. True positive rates (sensitivity) from
0.60 to 0.95 are achieved depending on blood stain faintness and substrate types. Also, true

negative rates (specificity) between 0.55 and 0.96 are accomplished. Based on the above
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established criteria, all necessary tasks are then combined and organized to realize the
multispectral imaging-based rapid blood stain detection system. To rapidly detect blood
stains on the test surface, the developed system automatically captures the spectral images,
extracts their spectral data, determines the positions of blood stains, and accurately highlights
the positions of blood stains on the display. To achieve such a system, several tasks are
newly introduced, including adjustment of camera exposure times to prevent image
saturation or excessive darkness, the search for the sampled clean positions of the substrate in
order to determine the substrate reflectance spectrum, and suitable detection procedures and
proper arrangement of criteria in order to eliminate unnecessary calculations. Parallel
processes between image capturing and blood stain identification help shorten the time for
blood stain identifications despite a large amount of spectral data to be processed. The
developed system can identify blood against several other reddish brown stains on several
substrates. The measured average identification times on different test surfaces range from

only 23.3 to 28.7 seconds including the image capturing process.

Keywords: Multispectral imaging system, Blood stain detection, Kubelka Munk theory,

Image processing, Forensic science
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Chapter 1

Introduction

1.1 Motivations and research questions
The motivation of this thesis came from Kunying Pornthip Rojanasunand (M.D.)
who stated the problems on her talk given at the National Electronics and Computer
Technology Center (NECTEC) in 2009. One of the problems concerning presumptive blood
stain detection occurred in the forensic investigation work in the southern provinces of
Thailand. In their forensic investigation, presumptive tests for blood stain are performed
using Luminol reagent. The main problem with Luminol is that the crime scene must be kept
dark during the collection of pictures of the suspected areas. However, given the insurgency
crisis in the southern provinces of Thailand, in some situations, collection of forensic
evidence at night becomes a dangerous task. Quite often, the crimes take place in the open
area, which makes the investigation more difficult. Moreover, the visible traces of blood as a
consequence of Luminol testing appear within 30 seconds after the reagent is applied,
making the picture capturing hard to perform. Even if the images of blood traces can be
captured, it is still hard to resume the position of the blood stain via comparing the captured
images with the real scene. During 2009, several works in multispectral imaging were going
on in the Photonics Technology Laboratory (PTL) at NECTEC where the author has
performed this doctoral thesis, so the knowledge and tools in multispectral imaging were
somewhat available. With the awareness of the aforementioned problem and the available
instruments in hand, we took the opportunity to explore the possibility of solving the above
problem using a multispectral imaging system, which came the starting point of this thesis.
At the beginning of this research, we did not know much about forensic
investigation. So, we asked ourselves several general questions. Some of these questions are

stated as follows.



1. How do the current blood stain detection methods really work?

2. Are there existing blood stain detection methods that can solve the problem of
the forensic team? If the methods exist, how do they work and what are their
weaknesses?

3. Have the applications of the multispectral imaging in presumptive blood stain
detection existed? If they exist, can they be used to solve the problems of the
forensic teams? What are the advantages of multispectral imaging methods
over the conventional methods? What are their limitations?

4, What can we do to improve the existing multispectral imaging methods and

techniques to solve the problems for the forensic team?

Then, we started with the extensive literature review on the existing blood stain
detection techniques, as will be discussed in detail in chapter 2. As we went deeper into it,
we found that there are several existing methods for blood stain detections. Chemical
methods are the most widespread ones. However, all the methods have weaknesses and no
methods can really solve the problems of the forensic team. Furthermore, multispectral
imaging methods in the presumptive investigation of blood stain are not prevalent. There are
a few uses of the multispectral blood detection techniques in the laboratory. Nevertheless,
there has been no use of multispectral techniques in real crime scenes yet.

Then, we continued our research by performing the initial experiments and analysis.
We collected and studied a number of reflectance spectra of stains on several substrates. The
details of these experiments will be discussed in chapter 4. Soon, the reasons why this field
was on hold were uncovered. It was evident to us that the main problems of the multispectral
imaging techniques have to do with the nature of staining of substances on substrates. There
is the spectral mixing, both linear and nonlinear, between the stains and substrates. Providing
the infinite possibilities of substrates profiles and the possibilities of stain thickness on the
substrates, the spectra of the stains on substrates are very dependent on substrates. The
problem had not been properly dealt with. The suitable blood stain detection method,

therefore, could have not been established.



1.2 Objectives of the thesis

After the initial experiments, we realized that the main problem has to be fixed first.
Hence, we have narrowed down the scope of our study in this thesis to just solving the main
problem of using multispectral imaging techﬁique for presumptive blood stain detection and
to demonstrate that our invented method is valid and possible to become a presumptive blood

stain detection method. Then, the goals of this study are officially set to the following tasks.

L Establish the presumptive blood stain detection method that is much more
independent of substrate profiles using the multispectral imaging technique.

2, Demonstrate that the above technique can be used to achieve fast blood stain
detection and have the potential to become the in-situ presumptive blood stain

detection system.

1.3 Overview of the thesis

This thesis is organized into six chapters, named as follows:

Chapter | Introduction

Chapter 2 Literature review on related theories and existing technologies
Chapter 3 Experimental framework

Chapter 4 Experiment Part I: Developing blood stain discrimination criteria
Chapter 5 Experiment Part II: Realization of rapid blood stain detection

Chapter 6 Conclusion

Here in Chapter 1, we state the motivations, problems, objectives, and overview of the
research.

Chapter 2 gives the literature review on conventional blood stain detection techniques,
basics on multispectral imaging system and blood stains, the existing applications of

multispectral imaging system for blood stain discrimination, and related theories.



Chapter 3 describes the experimental frame work, which includes all the integrated
instruments of the multispectral imaging system, on which this research is based, the
calibration and spectral recovery methods.

Chapter 4 discussqs_the initial experiment, the problems with the existing multispectral
imaging methods in blood stain detection, the method to solve the problem and the
establishment of blood stain detection criteria and method. This chapter tells how effects of
substrate reflectance on spectral is taken into account. The results of the proposed method
were evaluated.

Chapter 5 shows how the proposed blood stain detection criteria and method
established in chapter 4 can be applied to really make a fast blood stain detection system. In
this chapter, the mechanisms which are specific to the method, including the quick substrate
search and substrate reflect;mce determination, the data manipulation in matrix forms, the
automatic exposure time adjustments were proposed, demonstrated, and evaluated.

Chapter 6 gives the conclusions, the future work, and the possible system architecture
that would be achieved in real crime scene investigation according to the established blood

stain detection method.

1.4 The potential benefits of the thesis

The thesis presents the novel method of forensically detecting blood stain using
multispectral imaging system. With future modification of the method, the in situ
presumptive blood detection devices may potentially be realized. The expected system will
be portable, fast, reliable, and specific. The establish method still has the potential in

detection of other substances such as ink or other stains.



Chapter 2
Literature review on existing technologies

and related theories

In this chapter, the literature review on blood stain detection techniques, the natures
of blood stains, the overview of multispectral imaging systems, the existing multispectral

imaging blood stain detection techniques, and related theories are discussed.

2.1 Existing forensic blood stain detection methods

Presumptive blood stain detection and identification are essential in crime
investigation. Efficient detection methods help bring justice to those people who are
desperate for it, as well as save valuable time of the forensic investigators. Several methods
are applied for this task including chemicals, light sources, and spectroscopic means. The
review of these approaches is given in the following subsections.

2.1.1 Chemical based approaches

Several chemical approaches have been implemented for presumptive blood stain
detections. Common chemical based tests include crystal tests and catalytic tests. In crystal
test, haem groups, the red color proteins in hemoglobin, are crystallized when reacted with
reagents [1]. Pyridine and acetic acid are among common reagents. This method requires
microscopic observation and is accordingly unpractical in crime scenes.

Catalytic color tests are often employed at the crime scene to confirm visible stains
whether they are truly blood. In this method, reagent and hydrogen peroxide are sprayed on
samples. Hydrogen peroxide, catalyzed by haem group in blood, breaks down and causes the
oxidation and color change in active reagents [2]. Benzidines, leucomalachite green,
leucocrystal violet, phenolphthalein and ortho-tolidine are usually used as color-changing
reagents. Another catalytic approach is based on fluorescence or chemiluminescence of
reagents [3]. In this method, reagents and hydrogen peroxide are also simultaneously applied

on samples. However, the breakdown of hydrogen peroxide by haem group causes reagents
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Especially, great benefits would results from the computer aided diagnosis. Different types
and conditions of tissues may not be easily distinguished using normal medical imaging.
Nevertheless, those differences can be observed using multispectral imagers. A majority of
multispectral imaging applications in medicine are based on fluorescence. One or more
fluorophores are injected into human beings or animals. Difference in fluorescent levels
among tissues can then be detected with the multispectral imaging systems. For example, a
multispectral imaging system has been used in visualization of blood vessels inside the
tumors in mice [34]. A multispectral imaging system has been used to investigate the results
of laser therapy on vascular cutaneous malformations [35]. The system works by
visualization and mapping of pigmented and vascular lesions before and after the laser
treatment. Using of multispectral system in estimation of chlorophyll in plant leaves has
been demonstrated as well [36]. Some studies in biology using multispectral imaging are
based on bioluminescence, a process in which living organisms emit light by themselves.
However, this type of study is limited to certain types of organism. At present, the
multispectral imaging system is commonly integrated as a part of the flow cytometry system.
The multispectral images of the flowing cells can be helpful in the studies of cell
classification and interaction [37].

Multispectral imaging has been used for food inspections to distinguish between good
and defective, moist or burning products. It can also differentiate the real products against
the counterfeit ones. The advantages of multispectral imaging over using the technician’s
visual inspection are that latent defects not visible to human eye can be recognized.
Classification of foods usually depends on colors and spatial features on the products. A
number of applications have been demonstrated, such as identification of different defects
and diseases on raw French fries [38], Thai jasmine rice identification [39-40], two-
dimensional (2-D) banana ripeness level indication [41], and detection of fecal and ingesta
contaminations in poultry [42].

In remote sensing applications, multispectral or hyperspectral imaging systems are
attached in the surveyor air-planes and satellites. Looking at objects or geological areas from

different spectral bands provides several benefits such as material identification, location and
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abundance determination. Remote sensing applications may be used for the purpose of
geological mapping, vegetation, mineral and forest exploration, environmental monitoring,
urban growth analysis and military. Airborne-multispectral images have been used to detect
the spread of blight (a comn disease) in the fields across the United States [43]. In this
application, spectral images were used to distinguish brown withered leaves that were
interspersed in the fields of healthy green com stalks. Hyperspectral images have also been
used to identify vegetation species [44]. The detection of oil seep and oil impacted soil for
remote sensing purpose has been demonstrated [45]. Remote sensing equipped with
hyperspectral imaging system has been used to map out the commercial minerals of interest
[46], and assist agricultural product management [47].

Multispectral imaging has also been used for military purposes. Many researches in
this field have yet been kept in secret. Multispectral imaging either has been used or has the
potential to gain information about battle fields, distinguish between targets and decoys,
unveil camouflage, warn about long range missiles, detect of weapons of mass destruction
and landmines, as well as monitor international treaty compliance [24].

Mentioned above are just a small portions of examples of the applications in
multispectral and hyperspectral imaging. The number of new applications continues to
increase and real commercial and industrial applications tends to grow considerably in the

future.
2.2.5 Current applications of multispectral imaging for presumptive

blood stain detection

Multispectral Imaging has been employed to test for the presence of blood or to
enhance the existing chemical-based tests. Due to non-fluorescent nature of blood stains, all
of the existing multispectral imaging-based blood stain detection methods are based on
reflection. As discussed in section 2.2.3, unlike reflection-based imaging of plain surfaces,
several complications occur when the substance of interest is just a blood stain deposited on a
substrate. The main problem of using reflection-based spectral imaging method to identify
blood stains is that the reflectance on the blood stain surface is substrate dependent. Granular

nature of blood stains deposited on the substrates inevitably causes spectral mixing between
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light reflected from blood stains and substrates. Given infinite possibility of substrate spectra
and blood stain concentrations, blood stain detection criteria, universal to all substrates, have
not been established. Current imaging methods have also considerable limitations in types of
substrates and specificity in detecting blood against other stains.

Wagner et al [48-49] took advantage of the distinct narrow high-absorption band (i.e.,
Soret band) of heme proteins, centered around 415 nm. The arithmetic image divisions are
performed between 415 nm and 440 nm spectral images, where blood exhibits steep spectral
absorbance characteristics, in order to enhance the visibility of blood stains on the wood.
Since a number of substances in real world exhibit high absorption around 400 nm
wavelength, with the use of only two wavelengths, the proposed technique is not specific to
blood stains and could result in false positive identification. In addition, camera response
around Soret band is usually too low to overcome noise and distinguish one stain from
another. The use of the method to detect blood on different substrates and to detect blood
against other stains has not yet been demonstrated. Furthermore, the absorbance spectra of
RBCs around Soret band are flatten the most by the packing effect. This effect is to be
discussed in section 2.4.2.

The commercially available CONDOR™ wide field hyperspectral imaging (HIS)
system [50-52] and its newest version HIS examiner systems [53] from ChemImageTM
make use of hyperspectral imaging in forensic investigations, including visualization of
fingerprints, questioned documents, inks, gun powder residue, and blood stains. However,
for blood stain detection, the main focus of the systems is on visualization of the blood stain
on dark fabrics using visible to near-infrared contrast enhancement techniques. The
instrument can be only used in the laboratory. In addition, all the aforementioned spectral
methods make use of traditional contrast enhancement through the pre-designed image
operations, such as image subtraction, addition, and division among spectral images.
Contrast enhancement has several limitations. For example, some substances may have
different reflectance values from blood at one small part of the electromagnetic spectrum,
and the other substances may at the other parts of the spectrum. It is, therefore, very difficult

to enhance contrast for blood and eliminate contrast for all other stains at the same time.

76526



18

Another limiting issue is that image operations are sensitive to saturation and undesired loss
of information.

As of our knowledge, no existing multispectral imaging-based blood stain detection methods
have thoroughly investigated the effect of substrate reflectance spectra. In addition, no
imaging based blood stain detection systems have been demonstrated to distinguish blood

from several stains on various substrates.

2.3 Blood stains

2.3.1 Blood stains’ components and aging

The main components of blood inside human body are liquid plasma (~55% in
volume), the RBCs (~40%-45%), white blood cells (~1%) , and platelets (<1%). The main
component of plasma is water. However, the color of blood is not attributed to the plasma.
Only the RBCs give the red color for the blood. The coloring agent of the RBC is the
hemoglobin, the protein that is responsible for transportation of oxygen throughout the body.
Hemoglobin can exist in several forms, such as oxyhemoglobin (HbO,) and de-
oxyhemoglobin. Inside the human body, the oxyhemoglobin makes up 90% of blood in
arteries and 70% in veins. Right after blood comes out of human body, RBCs come into
contact with the oxygen in the air and become 100% saturated with HbO,. At this time,
blood appears very red due to the HbO,. Then the HbO, will gradually auto-oxidize into
another form called the met-hemoglobin (met-Hb). The met-hemoglobin then slowly
denatures into the hemichrome. Also, after a few days, the water in blood plasma would dry

out. The dynamics of RBC after coming out of the body is shown in Figure 2.6
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Figure 2.6 The dynamics of hemoglobin after coming out of the human body.

The average fraction of blood that changes over time is illustrated in Figure 2.7 [54]. Notice
that just after the blood comes out of the body the main component of blood is hemoglobins.

After 10-20 days, the main components of blood becomes the hemichrome.

Hemoglobin Fraction (-)

Time (d)

Figure 2.7 Fractions of hemoglobin forms.in blood stains as a function of the age of blood

stains in days (d). [54]
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2.3.2 Blood stain absorbance spectra

Due to changes in forms of hemoglobin after blood comes out of human body, the
color of blood stain changes over times. The absorbance spectra of the three hemoglobin
derivatives are shown in Figure 2.8 [55-56]. It is seen that all forms of hemoglobin have
high absorption in the blue region of the optical spectrum. Oxy-hemoglobin has the lowest
absorbance between 600-700 nm, which results in a very red color. Higher absorbance in
this spectral region occurs in met-hemoglobin and hemichrome. These hemoglobin
derivatives, therefore, appear brown or reddish brown. The mixing components of blood
yield various possible colors and shapes of blood absorbance spectra. The colors gradually
change from red to reddish brown and brown over time. However, after a month, the colors

change very slowly.

Absorption (a.u.)

450 500 550 600 650 700

Wavelength (nm)
HC = = =« :HbO2 e met-Hb

Figure 2.8 Absorbance Spectra of hemoglobin derivatives [55-56].
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2.4 Related theories

2.4.1 Kubelka-Munk Theory

The Kubelka-Munk (KM) theory providgs the relationship between diffuse reflectance
spectra of the - weakly absorbing materials [57-58]. This theory originates from
considerations of paint layers on the paper substrates. There are several evaluation,
utilization and modification of the theory [59-61]. This theory has also been used to
successfully finding the age of blood stain samples that are deposited on the white cottons
[54]. In this research, blood and other stains are treated as the thin layers of absorbing
materials deposited onto the construction material substrates. The main equation of KM

theory used in this research is

R.\:'/‘(’l)zl_K(’l) 1+M+] (2.4)
R.(A) S(A) NGO '

where R, (4), and Rg(A), are the reflectance spectra recovered from the absorbing layer,

and the pure substrate surface, respectively, K(1) and S(4) are Kubelka Munk optical
absorption and scattering, respectively. We use equation 2.4 to estimate the absorbance
spectra of different stains on substrates. The equation 2.4 just yields the estimation of

absorbance values of the stains, and by no means give the exact values.

2.4.2 Pigment packaging effect of red blood cells

Pigment packaging effect occurs as a result of confinement of pigment agents in high
concentration solution. This effect was first explained by Duysens by measuring the
absorption of Chlorophyll suspension [62]. The effect also results in the distortion of
reflectance and absorption spectra shape between whole blood and blood vessels [63-64].
According to the theory, the absorbance of the substance is flattened more in the high
absorption bands than the low absorption band when the pigments concentration becomes

higher. The cause of the spectral flattening involves the shading among pigments themselves
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in the concentrated solutions. In case of blood stains, the red blood cells are packed together

and become concentrated as the blood serum dries off. The distortion factor is given by

0 = H (4 _

a
=(1-T,) —— (2.6)
lusal (/1) P

Up '/usol (/1)

where u . (A)and u,(A) are absorption coefficients of the suspension and solution of
blood respectively, T pr Qps and U pare the transmission, area and volume occupied by a
single particle in the blood [64]. From Figure 2.7, it is seen that the absorption spectrum is

flatten more at the spectral region where absorption coefficient is high.
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Figure 2.9 The distortion factor from the pigment packaging as a function of particle’s

absorption coefficient [23].

Figure 2.9 shows the experimental measurement of absorption of blood in solutions
and suspension. These plots are compiled by Finlay and Foster from several sources [63-64].
It is evident that that the high absorption parts of the spectrum are flatten more than the low

absorption parts. The Soret band (peaked around 415 nm) is distorted the most considering



23

the visible part of electromagnetic spectrum. For the blood stain deposited on a substrate, the
packing effect is expected to be more evident, especially in high concentration blood, since
the blood plasma should dried out and the RBC should be packed into a larger volume. In
this research, the results of the calculation for the absorbance spectra of the blood stains

given in chapter 4 will confirm the existence of the packaging effect in stain.
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Figure 2.10 The absorbance spectra of 100 LLM (a) oxyhemoglobin (b) deoxyhemoglobin in

solution and suspended in spherical particle of S ltm diameter [23].
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2.4.3 Lorenz-Mie scattering

Lorenz-Mie Scattering refers to scattering of light from particles whose sizes are
comparable to or greater than the wavelength of light, (0.14 < x <100A4) where x is the
size of the scattering particles [65]. The Mie scattering equation derives from the solution of
the application of Maxwell’s equation to the isotropic, homogeneous sphere. The Lorenz
Mie scattering is responsible for the glare around the sun and the white color of the cloud and
mist. The theory has also been used to study the property of the color pigments of paint
layers. In case of stains deposited on the substrates, the pigment particles have the sizes in
the range of a few microns. For examples, the color pigments of blood are packed inside the
red blood cell particles whose sizes range between 2-3 pm where the wavelengths of the
illumination range from 0.4-0.7 pm. In this research, we ignore the minute geometrical
difference of scattering light at different spatial positions in the spectral images. In the most

simplified form, the solution to the scattering equations is given by

-04
S(A) =S, (lij (2.5)

where S, is a scattering coefficient at a specific wavelength A;. It is evident from equation
(2.5) that Mie scattering is not strongly wavelength dependent. This equation is incorporated

into the KM theory.
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Figure 4.3 Recovered reflectance spectra of (a) blood and other stains on gypsum andwood
substrates and (b) blood stains on different substrates. Bold lines are

reflectance spectra of substrate while solid lines are those of stains.

It is clear that there are a number of possible reflectance curves for each stain type,
depending on stain concentration. The highest reflectance curve (a bold line) in each chart
belongs to the substrate while lower curves (thin solid lines) belong to the stain. The higher
stains’ reflectance curves also indicate thin or low-concentration stains, while the lower
curves belong to thick or high-concentration stains. In addition, differences in curve
tendency are also observed among different stain types. When the substrate changes,
differences in spectral shape of the blood stains can be observed as shown in Figure 4.3 (b),
pointing out that the shape of blood stain reflectance spectra is much influenced by the
reflectance spectra of the substrates. The reason behind this phenomenon is that granular
nature of stains, deposited on the substrates, inevitably causes spectral mixing between light

reflected from stains and that from substrates. The fainter the stains are, the larger the
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contribution of substrate is to the reflectance spectra. Since substrates in real world may be
anything and may exhibit infinitely possible shape of reflectance spectra, the blood stain
reflectance spectra on the substrates can also be of any shapes. Blood stain detection system

based upon reflectance spectra is therefore improbable.

4.5 Estimation of stains’ absorbance spectra

Since absorbance of substance is substrate independent, it is likely that spectral
absorbance could be the base for detection blood stain. Although we cannot physically
measure absorbance spectra from a multispectral imaging system, KMtheory allows us to
indirectly estimate spectral absorbance from the measured reflectance. In this section we use
KM theory to obtain absorbance spectra of stain samples. Note that KM formulae has been
successfully used by Bremmer et al to obtain blood stain absorption spectra on white cotton
substrate in order to determine the age of the blood [61]. Here, we apply same formulae to

the spectral reflectance recovered in the previous section.

Re @ _ KA )y 2KD (4.2)
Ry (4) S(4) S(4) '

where R (A)and R, (A)are the reflectance spectra recovered from the stain and pure

substrate surface, respectively. This equation has been, in fact, stated as equation 2.4 when
KM theory is mentioned. The variables K(4) and S(A4) relate to stain optical absorption
and scattering, respectively. To find R, (A1), we manually locate the known pure substrates
areas in the image, extract reflectance values at all corresponding points, and average them to
get the substrate spectrum. A Lorentz-Mie scattering concept (equation 2.5 in chapter 2) is

also applied during our estimation of stain absorbance spectra.

A -04
S(A)zSO(-Z—J . 4.3)

0
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Here, we take A, =450 nm and S, = 1 for all stain samples. Hence, unit of X (A1)
becomes arbitrary. Some resultant absorbance spectra of the different stains on gypsum and
wood substrates are shown in Figure 4.4 (a) (compare with Figure 4.3 (a)). Also, some blood
stain absorbance spectra on different substrates are shown in Figure 4.4 (b) (compare with
Figure 4.3 (b)). These absorption curves are not necessarily taken from the same stain
locations as those reflectance curves in Figure 4.3 They are chosen in such a way that the
curves are clearly distributed and that the tendency of the curves can be clearly observed on
the chart. Higher absorbance curves on each chart are associated with thick or high-
concentration stains, while lower absorbance curves belong to faint stains. From the shape of
blood stain absorbance spectra on all six substrates in Figure 4.4, more distinguished spectral
features can be clearly observed from blood stain absorbance curves than from reflectance
curves. It is obvious that blood stain absorbance spectra show similar curve tendency among
all six substrates. Prominent spectral features include the steep down-slope at low
wavelengths (458-510nm), the up-slope roughly from 514 nm to 542 nm wavelength, the
down slope from 546 to 690 nm wavelength and very low absorbance at the red end of
visible spectrum. Tendencies in deflection or concavity of the curves are also evident.
Inconsistency on absorbance curves at low wavelengths (e.g., 458-466 nm) is observed
because of low intensity of illumination as well as low response of our multispectral system
at this spectral range. Thereby, the criteria that will be established in section 7, must be

based on 470-710 nm wavelength only.
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Figure 44 Recovered absorbance spectra of (a) blood and other stains on gypsum and
wood substrates (compare with Figure 4.3 (a)) and (b) blood stains on different

substrates (compare with Figure 4.3 (b)).

At the time the spectral images are taken, blood stains are a few weeks to several
months old. At this time range, major constituents of blood pigments are hemichrome (50-
70%) and oxy-hemoglobin (20-30%) [61]. Hence, the absorbance spectra are influenced
most by the spectrum of hemichrome. The K-M absorbance spectra experimentally
recovered from blood stains shown in Figure 4.4 are in good agreement with the absorbance
spectra shown in Figure 2.8, which indicates that RBC pigment at the period of analysis

should consist mainly of hemichrome and oxyhemoglobin.

4.6 Establishment of blood stain detection

In our real fully-developed detection system, spectral parameters from all spatial
points on images of a test surface will be programmatically extracted and tested by a series of
our blood stain discrimination criteria. The criteria are simply the mathematical inequalities
involving the spectral parameters purposely made in the way that they would pass the spatial

points in the image that possibly correspond to the blood stain and at the same time prevent
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the points ascertained as definitely not corresponding to blood. Spectral parameters include
reflectance values, absorbance values, arithmetic operations of these values, and polynomial
coefficients of absorbance spectra. The spatial locations on the test surface that pass all of
our criteria will be finally identified as the blood stain. To establish the criteria, we first
choose spectral parameters that can intuitively reflect the distinct spectral characteristics of
blood stains reflectance and absorbance curves as well as can simultaneously eliminate other
stains. Simplest criteria make use of only a single spectral parameter. For example, since we
see that blood stain absorbance is very small at the red end of the visible spectrum, we make
a criterion that the absorbance at 710 nm wavelength must be less than 1 (i.e., K(710nm) < 1,
see absorption values at 710 nm wavelength shown in Figure 4.4) In this way, we can
exclude many spatial points corresponding to coffee and cocoa stains. In another criterion
example, we exclude spatial points whose reflectance values are close to the reflectance of
the substrate in order to eliminate the substrate locations,
(Rg(470nm)/ R (470nm) < 0.98, consider reflectance values at 470 nm wavelength on
the charts in Figure 4.3) In a more complex criterion, two extracted spectral parameters are
plotted on the x and y axes of a scatter chart. Four examples of these charts are shown in
Figure 4.5. Each data point on the charts corresponds to the stain type indicated by the shape
of marker. The substrate type is indicated by the color of the marker. For clarity, the
separate charts on the right side show data points corresponding to only the blood stain
whose trend can clearly observed. Criterion boundaries are manually selected to loosely
encompass the blood stain region. Each boundary is drawn with joining straight line
segments so that criteria expressed in simple linear inequalities (i.e., y > mx+c¢ or
y <mx+c) can be applied, where m is the slope and c is the y intercept of the line
segment. The correct marks and cross marks indicate the regions to be selected and
deselected by our proposed criteria, respectively. We normally make slightly loose criteria to
spare for noise in the system. However, the data points from blood stains that considerably
deviate from the trend possibly due to large noise or impurity have to be excluded.
Otherwise, specificity of the system must be sacrificed. Although spectral parameters made

from reflectance and absorbance values of a few wavelengths (Figure 4.5 (a)-(d) are quick to
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process and useful to preliminarily exclude some stains, they are not discriminative enough
to exclude all other stains. More discriminative spectral parameters take advantage of
polynomial coefficients (Figure 4.5 (e)-(i) since they are established from more wavelengths
and hence less subject to system’s noise. To make the criteria, we apply polynomial fits (up
to the 3rd order) to selected portions of the absorbance spectra. For instance, since blood
stain absorbance curves have prominent concave downward shape along 514-586 nm and
centered around 550 nm wavelength, we estimate that the 2" order coefficients of this curve
section for the blood stain must be some negative values. Accordingly, we apply polynomial
fit to this curve section, which we let the center be at 546 nm and adjust the x scale so that
the distribution of data points is clearly observed. Then, we plot the 2" order coefficients
against the 0" order coefficients (Figure 4.5 (g). Figure 4.5(i) shows a criterion associated
with the 3" order polynomial coefficient. The criterion seems to not to be very
discriminative at low stain concentrations (the points near the origin). However, we can still
use it to distinguish blood at higher concentrations (K(546nm) > 16). The distribution of
data points on many scattering charts for each stain usually has imperfect triangle-like shape
with one tip at the origin. The points closer to the origin belong to thin stains. One criterion
may be able to exclude only some stains or some concentrations of stains. Taken into
account the interest of forensic investigation and based on 2-D spectral data from 470-710
nm wavelength, we currently make as many as 26 criteria in order to take out as many
different stain points as possible. The details of the criteria can be found in the Appendix at
the end of this thesis. Although several criteria may exclude many same spatial points in the
image, we rely on the fact that if some spatial points of other stains are misidentified by a
criterion, there may be another criterion that can exclude the points. Having many criteria
may not hurt the speed of the system much, because criteria can be cascaded so that the
excluded spatial points will not be calculated again in the later criteria. One advantage of
this detection system is that system specificity can always be improved by finding more

criteria, refining existing criteria, or even remove some redundant criteria.
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on wood (0.6<TPR<0.79), because of high local variation of wood substrate profile. For thin
or low concentration of blood stains (0.8 < R, (470nm)/ R;(470nm) < 0.9), sensitivity
is lower (0.55<TPR<0.84) with the average of 0.74 because small spectral signals from thin
blood stains’ absorbance spectra are embedded in larger signals from the substrate spectra
resulting in lower SNR values. For thick or high concentration of blood stains
((0.1 < R (470nm)/ R (470nm) < 0.2) ), sensitivity is also low (0.60<TPR<0.81) with
the average of 0.73, because original digital response values are very low, especially at low
wavelength (7\.<500 nm), which also causes lower SNR values. Furthermore, thick stains are
more subjected to packing effect of pigment particles in stains [64], which distorts the high
absorbance parts of the spectra far more than lower parts.

The system specificity can be determined via the relationship between the true
negative rate (TNR) and R, (470nm)/ R;(470nm) by using the same method as above.
For our system, specificity is the ability to exclude other stains from blood. For each stain
type, we determine TNR for each substrate and take average of TNR values from all
substrates. The TNR values as a function of R, (470nm)/ R(470nm) are shown in
Figure 4.8. High specificity (0.8<TNR<0.96) is achieved at medium and high stain
concentrations. Highest specificity is obtained in mud stains (0.86<TNR<0.96 ) and lowest
in ketchup stains (0.78<TNR<0.88 ). For the same reasons as sensitivity measurement, at
low and high stain concentrations, specificities for all stains reduces. The average TNR
value at low concentration (0.8 < R, (470nm)/ R,(470nm) < 0.9) is 0.75, and at high
concentration (0.1 < R, (470nm)/ R.(470nm) < 0.2) is 0.77. In this chapter, the
identification process take 4-5 minutes for each image cubes because at all spatial points, all
required parameters are extracted and tested by all criteria. In Chater 5 of this thesis, we will
take into account the speed issues and evaluate speed when we employ the criteria

established in this Chapter to make rapid blood stain detection system.



62

0.8 -

0.6 -

04

Specificity (TNR)

0.2

Figure 4.8

T T T T

02 04 0.6 0.8 1
RST(470nm)/RS(470nm)
- - -4 - - Ketchup Mud
—o— Coffee —-%-—Cocoa
—— Average specificity

System performance of our blood stain detection described in specificity.



63

Chapter 5
Experiment part II:

Realization of rapid blood stain detection.

5.1 Overview of the experiment

Based on the blood stain detection criteria established in chapter 4, we combine and
organize all necessary tasks to realize rapid blood stain detection system. The developed
system automatically adjusts camera exposure times to prevent saturation or excessive
darkness in spectral images, searches for the clean positions on the substrate, determines the
reflectance spectra, applies the criteria, and accurately pinpoints positions of blood stains.
Parallel processes between image capturing and blood stain identification shorten the times
for blood stain identifications, while proper arrangement of the criteria and image capturing
order allows the system to eliminate unnecessary calculations despite a large amount of data
to be processed. The developed system can identify blood against several other stains on
several substrates, and then rapidly display positions of possible blood stains on the display.
The measured average identification times on different test surfaces range from only 23.3 to
28.7 seconds excluding the image capturing process.

In realization of a blood stain detection system, several issues arise in making the
technique practical. Firstly, the multispectral imaging blood stain detection system involves
several data processing steps and a large amount of multispectral data to be accounted for.
To make the blood stain detection system rapid, the detection procedure must be well
planned. Since our blood stain detection method is basically operated by gradually
eliminating spatial points (a group of 3x3 adjacent pixels) identified as not corresponding to
blood using a series of criteria, the criteria and the image capturing order must be
appropriately arranged such that the criteria with more specificity would be applied earlier.
Secondly, because our blood detection process proposed in chapter 4 requires determination
of the substrate reflectance spectrum, the system should efficiently search for locations of the

clean substrate and determine its reflectance spectrum. Thirdly, crime scene investigation
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may cover large search areas and a wide variety of colors and textures of substrates. Given
usually spiky spectral shape of the combined response of the multispectral imaging
instruments, the captured spectral image can be easily saturated or darken, implying that
obtaining suitable multispectral data is nontrivial. In addition, forensic investigators should
not waste much of their valuable times setting up or adjusting lighting conditions to suit each
scene by themselves. Hence, the ideal blood stain detection system should be automatically
adjusted itself for any kinds of substrates and environmental conditions. Moreover, the
imaged test surface may contain bright and dark stain spots that could potentially correspond
to blood. Detection system should adapt its image capturing to collect usable spectral data
from all those bright and dark spots in the field of view as well. In this experiment, we
propose the system that can correct the above problems and realize the rapid blood stain
detection based on our blood detection criteria established in chapter. This chapter briefly
reviews the physical system, describes the calibration procedure and then discusses the
proposed rapid blood stain detection procedure. Along the discussion, we explain how the
above problems are dealt with, to make rapid blood stain detection system possible. The key
features include our special data manipulation in the form of multispectral data array,
automatic search for substrate positions on the test surface images, automatic determination

of substrate reflectance, and automatic adjustment of camera exposure times.

5.2 Sample materials

We use the same experimental setup described in chapter 4. The only difference is
the newly written program, developed to control the acquisition of the spectral images and
quickly identify position of blood stains on the screen. In this experiment, new sets of
substrates and stain samples, shown in Figure 5.1, are prepared in order to show that the
criteria, established chapter 4, can be applied to different samples and substrates. The stains
include bovine blood, coffee, rust, cocoa drink, dirt, tea, and chicken essence soup. The
substrates used in the experiment are chosen to have a variety of colors and textures,
including a gypsum board, tiles (white, blue, and brown), a white-painted concrete, and an

artificial wood board. The sample arrangement (Figure 5.2) is similar for all substrates.
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Thirty six stain spots are arranged in a 6x6 cm2 rectangular area so that they can be seen at
the same time in one image. The size of the stain spots varies between 0.2-0.5 cm in
diameter. The horizontal and vertical distances between each pair of stain spots are about 1.2
cm apart. Each substance is stained with different, but unspecified, concentration values.
We also put four extra long stains from blood, coffee, cocoa, and chicken essence soup

outside the above area.
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calibration procedure starts with capturing 530 nm and 470 nm spectral images. Then, the
system quickly determines appropriate exposure times for capturing all spectral images. The
details about how the system determines the appropriate exposure times will be described
separately in section 6. Once the suitable exposure times are determined, the system captures
61 spectral images, one by one, in numerical order of wavelengths starting from 470 nm to
710 nm with a uniform wavelength separation of 4 nm and stores the images in the system.
The 530 nm and 470 nm spectral images are also recaptured. Because each opened spectral
image requires occupation of space in random access memory (RAM) of the computer
system. Opening several spectral images at the same time occupies too much of the RAM,
which highly affects the performance and speed of the system. To maximize the speed, our
system reserves RAM space for only one spectral image during the image capturing and data
processing. After each spectral image is captured, it must be saved in the permanent memory
of the system (i.e., the hard disk of the computer) and closed. The next captured spectral
image then can reuse the same RAM space.

Since the speed is not quite an issue during calibration, preparation of calibration
data is started after all spectral images are captured. According to our proposed calibration
method, multispectral image cube is transformed into compact and ready-to-use multispectral
data arrays. To prepare the arrays, the system reopens the saved spectral images one by one,
extracts digital responses from each spectral image, calculates the calibration numbers

(w(A)), and arranges them into the arrays shown in Figure 5.4.
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Figure 5.4 Multispectral data array configuration from the calibration stage. This array is

stored in text file for the use in blood detection stage.

To save time in the blood detection stage, at each spatial point of each wavelength, all
calculations that can possibly be done during calibration are immediately performed so and

recorded as a single calibration number as

, _ W(Ai)-D . 1
“(A)"[ rr (D) kam}’ G

where W (A) is the spectral camera’s digital response from a single spatial point of the
spectral image of the white reference (e.g., a white paper), D is the camera’s dark response,
7, (A) is the wavelength dependent camera’s exposure time, and R (1) is the known
reflectance spectrum of the white paper. The camera's dark response is predetermined by
capturing the image while the camera’s aperture is covered by slid. There are two kinds of
arrays related to multispectral data stored in the system. Both have the same configuration as

shown in Figure 5.4, but are intended for different purposes. The first array, namely Arrayl,
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is intended for the purpose of quick sampled substrate position search, substrate reflectance
determination, and exposure time adjustment. The second array (Array2) is intended for the
purpose of blood stain identification. The rows of both arrays represent spectral dimension
while the columns represent the spatial dimension of the multispectral image cube. There are
63 rows in the arrays that are composed of 61 rows representing 61 calibration numbers from
61 wavelength channels, and 2 additional rows at the top of the array for tagging the x-y
spatial coordinates of the images. In Arrayl, w(A) are sampled from every 5x5 pixel all
over the image field of view (non-averaged). As a result, only 72x68 = 4,896 pixels are
initially sampled to constitute Array 1. In Array2, all pixels in the image are taken into
account. Digital responses from a single spatial point are averaged from a group of 3x3
adjacent pixels, and then calculated into a single calibration number w(1). So, there are
120x113 = 13,560 spatial points that represent the physical dimension of the image. The
columns of Array2 represent spatial points in the region of interest (ROI). In this work, we
define the ROI as all spatial points that still possibly correspond to blood stains. Array2 has
bigger number of columns than the Arrayl and calculation from all pixels is required, thus
taking much longer time to process.

Since our camera’s field of view is limited by the circular aperture of the LCTF, the
area in the image outside the circular field of view is too dark for the system to effectively
determine reflectance and identify blood stain. Processing data from this outside area would
waste time and memory reserve of the computer. Therefore, it is preferable to exclude this
dark area from the ROI as early as in the calibration stage. Normally, the 530 nm image of
white paper is very bright all over the field of view. Our experimental record reveals that the
pixels whose W (530nm) < 40 correspond to the dim area outside the circular field of view
of the LCTF. So, we early exclude those pixels from the arrays just after the firstly taken 530
nm spectral image of the white paper is processed. In our system, the number of spatial
points in the ROI are usually reduced to 12,000-13,000 after elimination. However, this step
is unnecessary in the system whose field of view is just limited by the field of view of the
camera itself, not the LCTF. Therefore, after calibration process, Array2 has 63 rows and »

columns, where n is the number of spatial points remaining in the ROI. After those two
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initial multispectral data arrays are constructed, they are stored in the system in the form of

text files for use in the blood detection stage. According to our experimental record, the

initial multispectral data arrays are still valid for the blood stain detection even if the lamps

and the computers are turned off and turned back on again many times as long as the physical

setup is unaltered. So, the users do not have to recalibrate the system even when the

computer is turned off and turned back on. The entire calibration process takes between 55

and 68 seconds.
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Figure 5.5 Propose Procedure for Rapid Blood Stain Detection.

5.4 Proposed rapid blood stain detection procedure

At the beginning of our blood detection stage, the initial multispectral arrays from

calibration stage are quickly extracted from the aforementioned text files to get ready for

blood stain detection. Then, the user can place the test surface on the detection zone and start
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blood detection right away. The proposed rapid blood stain detection procedure is shown in
Figure 5.5.

Because of the need for speed in the blood stain detection, the multispectral image
capturing process and the blood stain identification process are run simultaneously in parallel.
Immediately after the first image (530 nm) is captured and saved, blood stain identification
process starts. Therefore, during blood stain detection, the system has to reserve RAM space
for 2 images, one for image capturing process and the other for blood stain identification

process.

5.4.1 Image capturing process

Before capturing each spectral image, the system sends the command to the LCTF to
tune to a designated wavelength and then wait 200 ms for the LCTF to physically respond
and tune to the wavelength before the exposure begins. In fact, the response time for this
LCTF model given by the manufacturer is about 50 ms. However, since the response time
depends on a number of factors such as ambient temperature, we decide to wait longer (i.e.,
200 ms) to ensure that the LCTF gives the desired stable filtering wavelength window. In
blood stain detection stage, spectral images of the test surface are not captured and processed
in numerical order of wavelengths. Since our system works by gradually eliminating spatial
points proved to be not corresponding to blood stain, the image capturing order and criterion
order are arranged according to its tentative ability to exclude other stains (its specificity) in
order to identify stains of blood as quickly as possible. The first two spectral images to be
captured are 530 nm and 470 nm spectral images. These two spectral images are used in
preliminary processing, including quick sampled substrate position searching (will be
described in section 5) and fast determination of tentative camera’s exposure times for the
rest of the images (will be described in section 6). The system then captures another 7
spectral images to be tested by preliminary criteria. In this work, preliminary criteria are
defined as the criteria that use reflectance or absorbance values as only spectral parameters to
distinguish blood from other surfaces. After each spectral image is captured, the system can

quickly determine substrate reflectance and save the spectral image in the system before
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capturing the next spectral images (also depicted in section 6). The capturing order for
preliminary spectral images is 530 nm, 470 nm 546 nm, 518 nm, 502 nm, 710 nm, 586 nm,
642 nm, and 622 nm, respectively. Then, the system captures the remaining spectral images
in numerical order of wavelength to be used for polynomial coefficient criteria but skips the
already captured spectral images. Performing spectral image capturing and blood stain
identification processing in parallel has the advantage of reducing time for blood detection.
During the 200 ms waiting for the LCTF to respond and during the exposure of the camera
(50 — 125 ms), the computer waits idly for the wavelength tuning and the camera to return the
image. At these waiting periods, the measured CPU usage is very low (about 2-3%),
providing us an opportunity to efficiently extract, process multispectral data, and apply the

blood stain detection criteria for the already captured spectral images.

5.4.2 Blood stain identification process

The blood stain identification processing order is the same as that of image capturing
order. To identify blood stain, the system reopens and processes one spectral image at a time.
For each opened spectral image, the system extracts digital responses, takes the average
value, and processes data, one spatial point at a time, in the ROI. For each spatial point, test
surface reflectance value (R(A)) is calculated. Note that the reflectance value of both

substrate and spatial point on the surface can be recovered by the following expression.

L T()-D

, (5.2)
AT

R(A) =~

where is the digital response on the test surface image and 7,(A) is the exposure time of
the camera at the corresponding wavelength channel. The value of T'(A) is extracted from
the calibration array. Eqn.2 is valid only if the incident light on the white reference surface
and the substrates is almost identical. This suggests that the would-be in-situ blood stain
detection device is possible but must be equipped with built-in light sources and shade covers.
Once the reflectance values are determined, the KM absorption at each spatial point on the

test surface can be obtained immediately using
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R _ KD 2KD) (5.3)
Ry(4) S(A) S(4) ’ '

where is the scattering at any spatial point on the surface. Here, for simplicity, we assume

Lorentz-Mie scattering as and we take =450 nm and =1 for all points on the test surface.
Remind that the average substrate reflectance value ( ) has already determined during image

capturing process.

5.4.3 Application of blood stain discrimination criteria

Once the reflectance and KM absorption values of the currently processed spectral
image are determined, the system immediately applies the assigned blood detection criteria if
the criteria are available on the wavelength. For the sake of forensic investigation, the spatial
points on the surface remain in the ROI until they are identified as not corresponding to
blood stains. As soon as any spatial points are identified by each established criterion that
they do not correspond to the blood, those spatial points are not to be processed again in the
next spectral images. In many interesting scenes, the areas corresponding to substrate are
large compared to those areas corresponding to the area corresponding to blood. As
mentioned in chapter 4, it is advantageous to eliminate the substrate locations on the test
surface from ROI as early as possible. The 530 nm and 470 nm spectral images are
employed to eliminate substrate locations using the selection criteria.
R, (530nm)/ R;(530nm) < 0.97 and R,(470nm)/ R (470nm) <0.98 . The spatial
points that do not satisfy these conditions usually correspond to the substrate or very thin
stains. This results in reduction of spatial points to be processed for the rest of the spectral
images, especially in case where the stain area on the image is small relative to the substrate
area. After the processing and criteria application on each spectral image are finished, the
multispectral data array (Figure 5.4) is modified by removing the columns identified as non-
blood from the array and also replacing in the row corresponding to the wavelength

channels by . As a result, the size of the blood detection array becomes smaller or at least
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remains the same after any image is processed. Another 13 preliminary criteria, such as
those exemplified in Figure 4.6 (a)-(c) of chapter 4 are then applied during the processing of
the next 7 spectral images. Preliminary criteria are relatively quick to process since they
make use of only a few spectral images. After that the system processes the rest of the
spectral images. During the time, the system extracts absorption values from spectral images
to perform polynomial fitting and applies another 11 criteria to the polynomial coefficient
when appropriate. Examples of the criteria based on polynomial fits are shown in Figure 4.6
(d)-(f) of chapter 4. After all 61 spectral images are processed and all 26 criteria are applied,
the remaining spatial points in the two-dimensional (2-D) array are the final spatial points
identified by the system as possibly corresponding to blood stains. Those spatial points are
then masked with 2x2 red pixels on the result screen. After the blood detection process is
finished, the user can place another test surface on the detection zone and restart the blood
stain detection process. The blood stain detection can indefinitely reuse the multispectral
data array obtained during calibration without recalibration. The result images show of
spatial points remaining in the ROI on gypsum and artificial wood board test surfaces after
the first two wavelengths are processed (Figure 5.6 (a)), and after all the preliminary criteria
are applied as shown in Figure 5.6(b). The arrangement of the images based on substrates is
similar to the arrangement of the photo images in Figure 5.2 (a)-(e). The arrangement of
stains in any single result image is already provided in Figure 5.3. The red diagonal
rectangular frame on each image encompasses 6 blood stain spots. The long horizontal stain
at the bottom of each image also corresponds to blood. The two result images in Figure
5.6(a) clearly indicate that most substrate areas are eliminated after the first two spectral
images are processed. In most cases for all test surfaces, the spatial points are reduced from
about 12,000 points at the beginning of blood stain detection stage to about 1,000-2,100
points after just the first 2 images are applied, and are decreased further as more spectral
images are processed. This is good in terms of increasing the speed of the system. Normally,
these result images are not shown to the user during blood detection on the screen in the real

setup to save time for processing.
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In this section, we focus on evaluating the speed of our proposed rapid blood stain
detection system. The times taken for any task steps can be easily measured by using the
LabVIEW program. The average total image capturing times and total blood stain
identification times for all six test surfaces are shown in Table 5.1. As mentioned earlier, our
parallel procedures between spectral image capturing and data processing processes allow the
two processes to run simultaneously. The spectral image capturing time for each test surface,
shown on the right side of Table 1, ranges between 22.4 and 26.3 seconds, while the entire
identification times (on the left side) range between 23.3 and 28.7 seconds. The times taken
for capturing all 64 spectral images are just about 1-2 seconds shorter than the times for the

entire identification process.

Average Image Average Total Detection

Test Surface Capturing Time Time
(seconds) (seconds)

Gypsum 23.6 25.7
Atrtificial wood 26.9 27.6
White painted concrete 224 233
White tile 240 25.2
Blue tile 22.8 234
Brown tile 26.3 28.7

Table 5.1 The average times taken to capture all 61 spectral images and to identify the

blood stain.

The total image capturing time depends on brightness of the test surfaces. The brighter test
surfaces results in lower capturing time, hence identification times, than the dark images
since the exposure times are lower. The white painted concrete and the blue tile surfaces
have the fastest image capturing times, since they are among the brightest surface. In

addition to the image capturing time, the total blood stain identification time also depends on




95

the stain profiles. Basically, the larger the stain area on the image, the more time needed to
process the images. However, the key to rapid detection is to eliminate the spatial points
identified as non-blood as early as possible. Table 5.2 shows the measured time ranges taken
to process some specific images and data processing steps. The time taken for data
processing of the first two images (530nm and 470nm) alone ranges from 1,300 to 2,500 ms
(the average of 650-1,250 ms per spectral image). Recall that these two images are
processed together in search for substrate location, extracting digital responses, applying

criteria and array manipulation.

Measured Processing Time
Image or Process
(ms)
First 2 images (530 nm and 470 nm) 1300-1500

3" image (470 nm) 123-166

9" image (622 nm) 23 -55

61" image (706 nm) 20-55
Application of polynomial fitting 32-74

Table 5.2 The range of time taken for processing some spectral images or some data

processing tasks.

This relatively long processing time results from a large number of spatial points in ROI.
The time taken for data processing of the third images (470 nm spectral image), however, is
reduced significantly to 123 - 166 ms since the spatial points to be processed reduces from
about 12,000 down to 1,000-2100 in the second images and the substrate searching has
already been done. Thank to our planed ordering of criteria, discussed in section 4.3, a
number of spatial points can be eliminated as early spectral images are processed, and the
processing times decrease as further images are processed. The processing time for the ninth
image (622 nm spectral image), which is the last preliminary images, drops to 23-55 ms.

Remind that all the blood stain identifications are taken while the all stains are covered in the
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images according to configuration in Figure 5.3. So, all stains spots are included in the
images. For the images with less stain spots, spatial points in ROI are even less and the
identification should be even faster. In later spectral images, the processing time is slightly
shorter. And there are another 11 blood discrimination criteria that make use of polynomial
fits applied after specific images are processed. Application of each polynomial fitting
criterion takes additional 32-74 ms. Despite a relatively long process of polynomial fitting
criteria, they can eliminate only a small additional number of spatial points in ROI. Most of
the polynomial fitting criterion efforts are redundant to the previous criteria. Optimistically,
this may be beneficial in that we can improve in the future by having more preliminary
criteria and removing polynomial fitting criteria.

Though varied due to the exposure time adjustment, image capturing times are
relatively constant compared to data processing. They are not getting faster as more images
are processed. The capturing time for a single image ranges from 300-400 ms depending on
wavelengths and test surface’s brightness. At early stage of blood stain identification
process, data processing takes longer than image capturing since there are a lot of spatial
points in ROIL. Data processing very much lags behind the image capturing. However, as
more and more spatial points are excluded from consideration, blood identification process is
performed faster. Yet, blood stain detection criteria must await the capturing of the needed

spectral images. The speed of the system is limited mostly by the image capturing time.
LY
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Chapter 6

Conclusions

6.1 Summary

In this thesis, we have developed the multispectral imaging system for detection of
blood stains for forensic investigation. Through many development steps, we can invent the
methods of detection of blood stains that is less independent of substrate, types, color and
textures. We have performed literature review of exist methods and found that no existing
methods have been able to distinguish blood independently of substrates. The following
steps, we experimentally collected the reflectance spectra of several stains on different
substrates and found that the reflectance spectra of over the stains are to a large degree
dependent on the spectra of the substrates due mainly to spectral mixing. In the first part of
the experiment, which is described in chapter 4, we have developed a multispectral imaging-
based forensic blood stain detection method on construction material surfaces and established
blood discrimination criteria. According to the method, multispectral image cubes are
transformed into arrays, and then the reflectance spectra at each point in the captured spectral
images are transformed into the less independent KM absorbance spectra using KM theory.
From those spectra of the collected samples, we instinctively find several spectral parameters
that can be used to separate blood from other stains. Blood stain identification is done
mathematically via Boolean logics. Up to 26 blood selection criteria have been established.
The criteria are proved to be able to distinguish blood stains from other reddish brown stain
with high sensitivity (0.60<TPR<0.95) depending on blood stain concentration and substrate
type as well as high specificity (0.55<TNR<0.96). In the second part of the experiment,
which is illustrated in chapter 5, we have demonstrated a rapid multispectral-imaging based
blood stain detection system, based upon our blood stain detection criteria established in
chapter 4. Necessary tasks are sequentially and programmatically performed by the system
in order to achieve the fastest and most reliable detection and make the user convenient. All

calibration data, obtained from the captured spectral images are stored and readily processed
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in the form of arrays. Substrate reflectance is determined by our substrate searching and
determination method. The well-planned image capturing order and the blood detection
criteria application order are intended for the fastest elimination of unnecessary data.
Parallel procedures between image capturing and blood stain detection process allow for fast
detection. The exposure time monitoring and adaptation keep all spectral images to have
suitable brightness for detection. The system can automatically detect blood against several
other stains on several substrates. The speed of the system has also been evaluated. Our
proposed system takes averagely 23.3-28.7 seconds to detect blood stain depending on the
test surfaces. The time results suggest that the detection process is limited by the image
capturing time, not the time for the blood stain detection process. All the framework and
methods developed in this thesis will hopefully pave the way for the unprecedented portable
substrate-independent multispectral image based blood stain detection device in the near
future. Using of multispectral imaging for blood detection method has the advantage over
using of spectrophotometer large area can be inspected at once instead of measuring it point
by point. So, the investigators do not have to guess on the point where blood stains are
located. This can save considerable amount of time for the investigators. Our system also
has the advantage that it is to a large extent substrate independent, so the system can be used
to detect blood on a wide range of substrates. The system adjusts image capturing by itself to

prevent false determination.

6.2 Future work

Although this thesis has not yet solved the problem of Kunying Pornthip Rojanasunand’s
team, the future realization of in-situ device is promising. Our research focus in the near
future is still on improvement of criteria, extending the spectral range to the entire visible
spectrum and into near infrared region as well as reducing spectral channel sampling
frequency. Alternatively, this method may be combined with other existing methods to
obliterate the limitations from each method in order to make a very efficient device. The
Future work will also be focused on using permanent filters or different light source for

multispectral scan instead of an expensive LCTF device, and building in-situ devices. With
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further improvement this method can even also potentially be extended to identify other

substances or stains on any substrates, which is not limited to forensic science.
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A. The list of blood stain discrimination criteria used in this thesis.
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No. Parameter Criterion

I | x=Ry(530nm)/Ry(530nm) £ <097

2. | x =R (470nm)/Ry(470nm) £ <098

3. | x=K(530nm), y = K(470nm) Ifx<1.5then y <6,
if 1.5<x<29 then y <[.87x+8.2,
if 29 <x <80 then y <1.1x+31.6,
if x>35,theny <1..07x+13.8

4. | x=K(530nm), y>0.19x-0.32

y = K(546nm)-K(530nm)

5. | x=K(518nm), y = K(546nm) If x <1.1then true,
if x> 1.1 then y <1.4x—1.2,and
if 1.1 <x<20,then y>0.68x~0.7,
if 20 <x<30,then y>0.90x-5.2
if x>30,theny >1.9x-38.0

6. | x=K(470nm), y = K(502nm) Ifx <16then y >2.3x-3.3,
if x>16,theny >1.76x~3.8

7. | x=K(546nm), y = K(502nm) y<l134x+1.6

8. | x=K(710nm) x<l

9. | x=K(546nm), y = K(586nm) if x<36 then y <0.18x+1, and
if 36 <x<280,then y <0.042x+5.9,
if x>280,then y <0.07ix-1.9

10. | x = K(546nm)-K(586nm), Ifx<3then y >-14,

y = K(530nm)- K(546nm) if x>3,theny>—-0.29x-0.5
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No.

Parameter

Criterion

1.

x =K(622nm), y = K(642nm)

Ifx <lthen y <.0.20x +0.5, and
if 1<x<I11.5 then y <0.51x+0.2,
if x>11.5,theny <0.27x+2.9

12. | x=K(622nm), y = K(710nm) Ifx <0.6then y > 2.2x-0.39,
if x>0.6,theny >10.5x--6.9
13. | x=K(622nm), y = K(586nm) y>1.4x-0.68
14. | x = K(586nm)- K(622nm), If x <10then all true,
y = K(546nm)-K(586nm) if x>10,theny>0.99x~3.2
15. | x =K(530nm)- K(518nm), If x<5,then y >-0.3,
y = K(530nm)-K(586nm) if x>5,theny>1.4x-6.2
16. | x =K(482nm) Ifx <40then y < 1.75x+12,
y = 1" order polynomial coeff. of | if x >40, then y < 24x —370
K(470nm) — K(502nm),
centered at 482nm
17. | x = K(482nm) y>655x—-2650
y= 2" order polynomial coeff.
of K(470nm) - K(502nm),
centered at 482nm
18. | x=K(514nm) Ifx <16then y <-13.8x-30,
y = 1" order polynomial coeff. of | if| < x <10.5 then y < —8.4x +51,
K(482nm) — K(534nm), if x>10.5,theny <-89x+1080 ,
centered at 514nm
19. | x = K(546nm) Ifx <120, then y < -3.2x+540,

y= 2™ order polynomial coeff.
of K(498nm) — K(574nm),

centered at 546nm

if x>10.4,theny <-75x+9000 ,
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No. Parameter Criterion
20. | x = K(546nm) If x <16, then all true,
y = 3" order polynomial coeff. if x>16,theny <-244x+ 23,900 , and
of K(498nm)— K(574nm), y <=540x +11,300
centered at 546nm
21. | x =K(554nm) Ifx <20, then y <80,
y = 2" order polynomial coeff. if x>20,theny <-32x+590
of K(526nm) - K(582nm),
centered at 554 nm
22. | x =K(554nm) Ifx <42, then y <80,
y = 2" order polynomial coeff. | if x > 42, then y<-6.5x+270
of K(526nm) - K(582nm),
centered at 554 nm
23. | x=K(518nm) Ifx <Ithen y <50,
y= 2™ order polynomial coeff. ifl <x<10.5 then y <-8.4x+51,
of K(514nm) — K(598nm), if x>10.5,theny < —89x +1080
centered at 546nm
24. | x=K(630nm) y >33x-206
y= 2™ order polynomial coeff.
of K(602nm) - K(662nm),
centered at 630nm
25. | x =K(686nm) Ifx<1.5,then y<2,
y= 1" order polynomial coeff. of | if [.5<x<10.4 ,then y <-5.6x+104,
K(662nm) — K(694nm), if x>10.4,theny <—-14x+102
centered at 686nm
26. | x=K(678nm) Ifx <0.4, then y >-50,

y= 2™ order polynomial coeff.

of K(658nm) — K(706nm),

centered at 678 nm

if x> 0.4, theny > 78x-82
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In this article, we establish blood stain detection criteria that are less substrate dependent for use in a
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to transform the acquired staing’ reflectance spectra into the less subst
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allows for nond , quick, di e, and ptive blood stain detaction.
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staina on several construction materials with high precision. True positive rates (semsitivity) from
6.60 to 0.95 are achieved dopending on blood stain faintricss and substrate types. Also, true negative
rates (specificity) between 0.55 and 0.96 and {dentification time of 4-5 min are accomplished, reapec-
tively. The established blood stain discrimination criteria will be incorporated in a real blood stain
dataction aystem in part 2 of this article, where aystem design and considerations ns well as speed iswoes

are discussed.  © 2012 Optical Society of America
110.4234, 120.0120, 120.4630, 100.2960, 150.1488.

OCIS codes:

1. Introduction

Efficient presumptive blood stain detection is crucial
to crime acene investigation. In chemical-based tests,
visible traces occur as a result of chemical reactions
between heme proteins in red blood cells (RBCs) and
active reagents [1-3]. However, nonspecificity of the
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reactions usually brings high false-positive rates.
Moreover, the application of chemicals can poten-
tially wash away scarce evidence and produce chemi-
cal wastes. To alleviate these issues, noncontact
detection approaches via imaging technology are pre-
ferred. In the simplest nonimaging method, forensic
l:ghtsoxmmakeuseofultmmlet(UV)hghttode-
tectﬂuoremttmcesofbodyﬂmds,suchnlemen,
urine, and saliva [4,5). However, fluorescence emis-
sion of blood is not cbserved over the spectrum



ranging from UV to near-infrared regions. The use of
UV light sources is therefore limited to making visi-
ble the blood spatters on some fluorescent substrates
such as clothes, papers, and some painted surfaces.
Moreover, UV light can possibly damage DNA evi-
dence in blood.

Other noncontact approaches rely on ima-
ging. Due to nonfluorescence of blood stains, all the
existing imaging-based blood stain detection meth-
ods are based on reflection. Unlike reflection-based
imaging of plain surfaces, several complications oc-
cur when the substance of interest is just a blood
stain deposited on a substrate. The main problem of
using the reflection-based spectral imaging method
to identify blood stains is that the reflectance on
the blood stain surface is substrate dependent. The
granular nature of blood stains, deposited on the sub-
strates, inevitably causes spectral mixing between
light reflected from blood stains and substrates.
Given infinite possibility of substrate spectra and
blood stain concentrations, blood stain detection cri-
teria, universal to all substrates, have not been es-
tablished. Current imaging methods still have
considerable limitations in types of substrates and
specificity in detecting blood against other stains.
For example, infrared photography can enhance
the visibility of blood spatters on dark-colored clothes
since blood strongly absorbs near-infrared radiation
(700-1000 nm), while most fabrics reflect it (6,7].
Nevertheless, those reports have been focused sim-
ply on the detection of blood stains on cloth, but the
blood stain detection on other substrates has not yet
been demonstrated. Recently, Brooke et al. @-dmj
have combined the measurement of infrared reflec-
tance, thermal emission, and thermal diffusion rates
in multimode imaging to successfully enhance the
contrast of faint blood stains and detect blood against
four other stains. Nonetheless, the approach has
been demonstrated only for the detection of blood
stains on black acrylic fabric.

Multispectral imaging and hyperspectral imaging
(HIS) are the promising technologies. They have
been employed for several applications mcludmg
data nonintrusive credit card venﬁmtmn _],
Thai jasmine rice identification [18,1
dxmenswnal (2ZD) banana ripeness evel md.watlon

. In the blood stain detection scenario, Wagner
FIB and Miskelly and Wagner (17] took advantage
the distinct narrow high-absorption band (xe,
Sotet band) of heme proteins, centered around
415 nm. The arithmetic image divisions are per-
formed between 415 and 440 nm spectral images,
where blood exhibits steep spectral absorbance char
acteristics, in order to enhance the visibility of blood
stains on wood. Since a number of substances in the
real world exhibit high absorption around 400 nm
wavelength, the proposed technique is impractical
for other substrates. In addition, camera response
around Soret band is usually too low to overcome
noise and distinguish one stain from another.
Furthermore, spectra of RBCs are mostly flat around
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the Soret band since the region is subject mostly to
the packing effect .5'1!% The commercially available
CONDOR wide fiel S system [19-21] and its new-
est version HIS examiner  systems from Chem-
Image make use of HIS in forensic investigations,
including visualization of fingerprints, questioned
documents, inks, gun powder residue, and blood
stains. However, for blood stain detection, the main
focus of the systems is on visualization of the blood
stain on dark fabrics using visible to near-infrared
contrast enhancement techniques. To our knowledge,
no existing multispectral imaging-based blood stain
detection methods have thoroughly investigated the
effect of substrate reflectance spectra, In addition, no
imaging based blood stain detection have
been demonstrated to distinguish blood from several
stains on various substrates.

In addition, all the aforementioned spectral meth-
ods make use of traditional contrast enhancement
through the predesigned image operations, such as
image subtraction, addition, and division among
spectral images. Contrast enhancement has several
limitations. For example, some substances may have
different reflectance values from blood at ene small
part of the electromagnetic spectrum, and the other
substances may at the other parts of the spectrum. It
is, therefore, very difficult to enhance contrast for
blood and eliminate contrast for all other stains at
the same time. Another limiting issue is that image
operations are sensitive to saturation and undesired
loss of information.

Henoe,thxspaperproposesthenewbloodstam
detection matlwdology and criteria for use in a multi-
spectral-imaging system. Key features include
substrate contribution reduction through Kubelka-
Munk (KM) theory and criteria establishment based
upon empirical data and blood discrimination
criteria, which identify the blood stains using math-
ematical inequalities and Boolean logic. Mathemati-
cal determination of blood stains through Boolean
logic based upon chosen spectral parameters allows
for concatenation of blood stain detection criteria.
After each stain is determined as not corresponding
to blood by any criterion, the stain can be immedi-
ately excluded from interest. This method allows
for more discriminative and fast detection.

In Sections 2-4, we discuss the ental de-
tails and the proeedm for establishment of blood
stain criteria. In Section 5, we demonstrate that the
strain reflectance spectra really depend on substrate
spectra,andSwtiongahmthatmthwrywnm-
duce the dependence of stain reflectance spectra on
substmtes.Then.mSechons7and§(wedesmbem
detail how the blood detection criteria can be estab-
lished and evaluated.

2. Muttispectraldmaging System

A. Hardware

Our multispectral-imaging system for blood stain
detection is based on a typical liquid crystal tunable
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filter (LCTF) shown in Fig 1. Illumination is
achieved using two metal halide lamps (Philips
CDM-R T0W/942), which yield desired full spectral
range over the visible region. The nonuniformity of
the illwmination on the image surface is kept to less
than 25%. An 8 bit multispectral-grade color camera
(Baasler Scout 2cA750-60g¢e) is coupled with an LCTF
(VariSpece, VIS 7-HC-20). The surface to be imaged is
placed on the optical table just below the camera. A
personal computer, equipped with LabVIEW pro-
gram, is connected, so as to control image capturing
of the camera and spectral scanning of the LCTF. The
LCTF has a full-width half-maximum (FWHM)
bandwidth of 7 nm, a wavelength scanning range
from 400 to 720 nm, and a 20 mm circular aperture.
The 2D image sensor of the camera contains 750 x
480 pixels and it is set to operate in RGB mode. How-
ever, the camera’s field of view is limited by the
LCTF's circular aperture to £7°. Since the camera
is placed 30 cm above the sample surface, the image
visibility is limited to a circular area of 10.5 em in
diameter (see Fig. 2). To lessen our calculation, we
set the camera's area of interest (AOI) to 360 x 339
pixels, a rectangular area just to cover the visible
circular field of the images.

B. Image Capturing

To capture desired multispectral images, the LCTF
is programmatically tuned to uniformly sample 64
wavelength images, ranging from 458 to 710 nm,
with the tuning step of 4 nm wavelength. For each
captured scene, the camera catches 64 images, one
image for each tuning wavelength, to form a three-
dimensional (3D) image cube that contains informa-
tion in two spatial dimensions and one spectral
dimension. The 3D image cube therefore has the size
of 860 x 339 x 58 pixels. Since the spectral response
of our multispectral-imaging system is apiky and the
surfaces on which we look for blood stains can be of
any type or reflectance spectra, the spectral images
can easily be saturated or too dark to recover their
true spectra. To solve the problem, while capturing
one spectral image, we propose to capture several
3D image cubes of the same scene with different
exposure times ranging from 10,000 to 120,000 ps.

Fig. 1. {Color online) Our multispectral imaging setup used in
this experiment. LCTF, liquid crystal tunable filter.
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Then the set of spectral images whose exposure
times give suitable bright image, but not saturated
or not too dark, are selected so that true reflectance
spectra of the surface are obtained. To manually
select suitable exposure times for spectral images,
we first extract the spectral digital responses on the
substrate areas on the images and realize that the
spectral digital responses are dominated mostly by
the spectral responses of the multispectral imaging
instruments, Then, we can manually sclect the expo-
sure times that yield high but unsaturated and still
linear digital response zone. This is a slow and pains-
taking process. However, this is the process to be
performed exclusively by the system developer to es-
tablish blood detection criteria not by the

end users. In the second part of this article [23], we
will make the system automatically adjust the expo-
sure times so that the captured images will fall with-
in linear response range.

3. Procedure for Establishing Blood Stain
Discrimination Criteria

Intuitively, the reflectance spectra of the stains
(especially the faint stains) depend on the spectrum
of the substrates. This will be verified later in
Section § of this article. Since absorbance of the sub-
stance is substrate independent, it is likely that ab-
sorbance could be the base for detection of a blood
stain. Unfortunately, we cannot physically measure
the absorbance spectra from the roflection-based
multispectral-imaging system. However, KM theory
allows transformation of the measured reflactance
into the values that are less substrate independent.
To develop blood stain discrimination criteria, the
procedure in Fig. 2 is proposed and performed. First,
we collect many sets of multispectral images of blood
and other stain samples on different substrates.
Then, we use our proposed calibration and spectral
recovery method, and later apply KM theory to esti-
mate the KM absorbance spectra of each stain. Since
KM is not perfect theory in yielding absorbance spec-
tra, the blood detection criteria are established based
upon the KM absorbance spectra, empirically ob-
tained from the known blood and other stains, Then
the criteria are tested and refined. In the following
sections, we describo in detail the step-by-step devel-
opments of blood detection methodology according to
our proposed idea.

4. Sample Preparation

To establish efficient blood stain detection criteria,
we must collect enough sample spectra of blood and
other stains on a variety of substrate materials to be
certain that true spectrnl characteristics of blood
stains are appreciated. In this work, several common
construction materials including gypsum boards,
concrete boards, green tiles, white tiles, and wood
planks are used as substrates. We also use bovine
blood instead of human blood as it possesses absorp-
tion spectra comparable to human blood (24). Other
stains under our study include coffee, cocoa drink,
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Fig. 2. (Color onlins) Prop in P
uctmnmtmbaﬂuﬂhlsa.mdo.

ketchup, soy sauce, mud, soil, and oyster sauce. For
the purpose of spectra collection, each stain sub-
stance is intentionally spread out on the substrates
so that different concentrations of each substance are
deposited on the substrates. Figure 3 shows some of
our sample surfaces, including gypsum board, wood
plank, green tile, white tile, concrete, and orange-
painted concrete. Several multispectral images of

© ' B
Fig. & ((klwmhm)zmmphso(mnﬂnmpluona\mﬁety

of sub surfaces i tg (a) gypeum, (b) wood, (c) green tile,
() white tile, () concrete, and orange-painted concrete. Each
suhstrato has different conontrations of blood and other stains

deposited on them.

these surfaces are captured with our aforementioned
multispectral system.

5. Calibration and Reflectance Spectra Recovery
'To recover diffuse spectral reflectance of the test sur-
face, a widely nwep’wd white reference calibration
method [25~ Lﬁnm'] is performed. By taking into account
cost and issues in a real world scenario, we
gropose to use a stack of spatially uniform white
leached paper of known reflectance spectrum,
instead of a commercially and careful-
handling white reference tile. The white bleached
paper used in this research is just the commercial-
grade, Ad4-sized paper, typically used in office work.
To calibrate the multispectral images, the white
bleached paper is placed on the detection zone in
such a way that all pixels in the image field of view
can capture the desired spectral images of the white
bleached paper (Rw(4;)). After removing the white
paper, many sets of spectral images of
the test surfaces can be taken as long as all illamina-
tion and imaging instruments are intact. With
the incorporation of exposure time, the spectral re-
flectance at any pixel on the test surface Rr(i)
can be expressed as

(T () - DVrrida)]
10V(4g) = D)/ (X))

where T'(4,) and W(4;) are the digital responses from
the test surface image pixel and the white bleached
paper image pixel, respectively. rp{4y) and ry (%) are
tho camera’s exposure times when capturing the test
surface and the white bleached paper, respectively,
and D is the dark response of the camera. For our
8 bit camera, T(4;) and W(4,) range from 0 to 255.
They can be taken from either R, G, B, or gray scale
digita)] responses as long as the pixel values are in
the linear response range. For our LCTP-based

Rr(%) = ‘Ra(). (D
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multispectral-imaging system, it is suitable that the
digital responses are extracted from the blue (B) col-
or plane for wavelength channels from 458 to 498 nm
and from the green (G) color plane for wavelength
channels from §02 to 710 nm. Although blood and
most substrates in the real world have high reflec-
tance values at the red end of the visible spectrum
(600-700 nm) and the red (R) channel gives high re-
sponses in this spectral region, channel R is not cho-
sen. Seemingly, channel R should have been a good
channel to select. However, signals from the R chan-
nel turn to be noisier due mainly to our camera
characteristics. The camera has certain values of ex-
posure times it can capture images. For example,
when the camera is programmed to capture the im-
agaatthaocrtamexposmhme(e.g. 10 000 us), the
camera captures the image at some other exposure
times (e.g., 9941 or 10 073 ps). This quantization
adds a little more noise to the detection process.
For the case of channel R that could have been used
around 600-700 nm, the digital responses are very
high, sowahavatomduueﬂmexposumhme The
suitable exposure time values are of the order of
1000 g¢s. Since this jump in exposure time value
(e.g., from 1000 to 960 ps) is relatively high, more
noise would have added to the system. So, empiri-
cally we have better choice of using less noisy
channel G,

Dark response, originating from dark current pre-
sent in the detector array, can be determined by cap-
turing the image while the camera’s slip is covered.
There are advantages of using white bleached paper
for our calibration method. First, the paper is cheap,
replaceable if tarnished, and reusable for other work.
Secondly, since the paper is large enough to cover the
camera field of view, all pixels in the image are read-
ily calibrated without further correction for spatial
nonuniformity of illumination and for the geometri-
cal difference between reference and test surfaces.

As will be evident in later sections of this article,
since the detection of blood stains involves compli-
cated mathematical calculations, processing the
images directly is not suitable. So, we transform the
data in an image cube into an array. To do this, digi-
tal responses of 3 by 3 adjacent pixels in any image
are extracted and averaged into a single number
before becoming a single element of the array,
yielding measured spatial resolution of blood stain
detection of 0.9 x .9mm?. The 8D image cube of size
360 x 339 x 58 = 7,078,320 elements is therefore
compressed and transformed into the 3D array with
the corresponding size of 120 x 113 x 58 = 788,480
elements. Two spatial dimensions are further re-
shaped into 1D, giving the final size of the 2D array
of 13,660 x 58 = 788, 480 elements. From Eq. (), it
can be dearly seen that each element obtained under
our white reference array is represented by a calibra-

tion number ofw(l.)=u—'i5'ﬁ%{!ﬁ-ﬂ. For the test
surface array, each element is represented by

(4) = [(T(4) — D)/tr(4)). In this way, the spectral
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reflectance of the surface can be calculated directly
from R(4) = t(A)/w(ds).

There are several pros of transformation of the 3D
image cube into an array. First, averaging responses
from 3 by 3 pixels into one element before further cal-
culations can reduce noise, and lessen system compu-
tational load and memory, thus improving the speed
of the detection system. Secondly, calibration data in
the form of an array can rapidly be stored and
extracted from a single text file. Thirdly, with multi-

data unn data from spatial
points that have been identified as nonblood can im-
mediately be removed from the array without further
consideration. This will considerably help reduce
computational load in a real blood stain detection
system. Lastly, image p! also unnecessarily
processes all R, G, andBpxxelsintbexmageasour
calibration and spectral recovery scheme requires
only spectral data in R, G, or B color planes.

Sample reflectance spectra of stains are collected
by manually locating the image coordinates where
stains are deposited and then, with simple array
manipulation, reflectance spectra from those coordi-
nates are extracted. Although this manual collection
of the sample stain spectra is a slow process, it is the
process for us (as the system developer) only, who
wanted to establish the blood stain detection criteria.
It is not the process the users have to do. Fxgure%_z
shows reflectance spectra of different stain
posited on gypsum and wood substrates. Note that
more spectral data are actually collected than those
appearing in charts in Fig. 4. Only some of the spec-
tral data are shown, 80 that the tendency of the curve
can clearly be seen in the charts and the charts are
not flooded with too many spectral lines. It is clear
that there are a number of possible reflectance
curves for each stain type, depending on stain faint-
ness. The highest reflectance curve (a bold line) in
each chart usually belongs to the substrate, while
lower curves (thin solid lines) belong to the stain.
The higher stains’ reflectance curves also indicate
thin or faint stains, while the lower curves belong to
thick- or high-concentration stains. In addition, dif-
ferences in curve tendency are also observed among
different stain typea. When the substrate changes,
differences in spectral shape of the blood stains can
be observed as shown in Fig. 4(b), pointing out that
the shape of blood stain reflectance spectra is much
influenced by the reflectance spectra of the sub-

. strates. The reason behind this phenomenon is that

the granular nature of stains, deposited on the sub-
strates, inevitably causes spectral mixing between
light reflected from stains and that from substrates.
The fainter the stains are, the larger the contribution
of the substrate is to the reflectance spectra. Since
substrates in the real world may be anything and
may exhibit infinitely possible shape of reflectance
spectra, the blood stain reflectance spectra on the
aubstmteoeanalsobeofanyshapa.Abloodsmn
detection system based upon reflectance spectra is
therefore improbable.
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Fig. 4. Recovered reflectance spectra of (a) blood and other stains on gypsum and wood substrates and (b) blood stains oo different
subetrates. Bold linos are reflectance spectra of substrate while solid lines are those of stains.

6 Estimation of Stain Absorbance Spectra
The stains’ reflectance spectra obtained from
Section 7 depend on the spectrum of the substrate
an which the stains are deposited. In order to create
the blood stain detection system that is more univer-
salto all substrates, the effect of substrate reflectance
must be lessened. Since absorbance is substrate inde-
pendent, it is likely that spectral absorbance could be
the base for blood stain detection. Unfortunately, we
cannot physically measure absorbance spectra of
blood stains using a multispectral-imaging system.
KM theory is one of the methods that can relate the
absorption, the reflectance, and the scattering (28].
There have been several versions and modifications
of the KM theory through the years. Basically, the the-
ory is only a simplified model, whxchtmatshght
transmission and scattering as ocourring in only
forward and backward direction. It also assumes that
the medium is isotropic and bomogeneous, and
ignores discontinuity between reflective indices of
air and blood stain. Although the KM model can never
give the real absorbance value from reflectance and
scattering due to those simplifications and the mod-
eling, the theory is very useful in color prediction
undmmentofmbsm'rhemmplesofap-
Plications include the study of optical properties of
hislogical tissues (29-31], modelmgﬁrrepmductxon

of natural tooth color for ceramic tooth restoration
l_] prediction of nutrients and moisture in soil [33),
and color pigment measurement of paints and inks
l__a[§] KM formulae have been used by Bremmer
to estimate blood stain absorption spectra on
white cotton substrate to successfully determine
the age of the blood [37]. Here, we apply the same for-
mulae as Bremmer ef al. to the spectral reflectance
recovered in the previous section.

K@) ’ 2K (4)
S(l)( 1+ ————sw +l) 2)

where Rgr(1) and Rg(l) are the reflectance spectra
recovered from the stain and pure substrate surface,
respectively. K(1) and S(2) relate to stain optical ab-
sorption and scattering, respectively. Since the KM
theory does not give the real value of absorption,
we would refer to K(1) as KM ahsorption. To find
Rg(3), we manually locate the known pure substrate
areas in the image, extract reflectance values at all
corresponding points, and average them to get the
substrate spectrum. For simplicity, the Lorentz—-Mie
scattering concept is also applied during our estima-
tion of all stains’ absorbance spectra.

Rer(d) _
Rs(d)
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Here, we take 1; = 450 nm and Sy = 1 for all stain
samples. Hence, the unit of K(i) becomes arbitrary.
Some resultant KM absorbance spectra of the differ
ent stains 01[1 amt"lhwoodsuhstratesareahown
in Fig. 5(a) (compare with Fig. 4(a)). Also, some KM
absm'balutij'2 spectra of blood_(s_tllain on different
substrates are shown in Fig. 5(b) [compare with
Fig. 4(b)l. These curves are not necessarily taken
from same stain locations as those reflectance
curves in Fig. 4. They are chosen in such a way that
the curves are clearly distributed and that the ten-
dency of the curves can be clearly observed on the
chart. Higher curves on cach chart are associated
with thick- or high-concentration stains, while lower
absorbance curves belong to faint stains. From the
shape of the KM absorbance spectra of blood stain
on all gix substrates in Fig. 5, more distinguished
spectral features can be clearly observed from KM
absorbance curves of blood stains than from reflec-
tance curves. It is sbvious that KM absarbance spec-
tra of blood stains show similar curve tendency
among all six substrates. Prominent spectral fea-
tures include the steep down-slope at low wave-
lengths (4568-510 nm), the up-slope roughly from

[ 4y
KM absorbance (a.u.)
8 o
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514 to 542 nm wavelength, the down-slope from
546 to 690 nm wa and the very low absor
bance at the red end of the visible spectrum. Tenden-
cies in ion or concavity of the curves are also
evident. Inconsistency on KM absorbance curves at
low wavelengths (e.g., 458466 nm) is observed be-
cause of low intensity of illumination as well as low
response of our multispectral system at this spectral
range. Thereby, the criteria that will be established
in Section 7 must be based on 2D 470-710 nm spec-
tral data only.

At the time the spectral images are taken, blood
stains are a few weeks to several months old. At this
time range, the major constituent of blood pigments
is hemichrome (50%~70%) and oxyhemoglobin (20%—
30%) [37]. The KM absorbance spectra of the two sub-
stances taken from [38,39] are shown in Fig. 6. This
indicates that our absorbance spectra have
shape similar to the absorbance spectra of the com-
bined blood stain components, and so the result is in
good agreement with Bremmer (37], that RBC pig-
ment at this period of analysis ahould consist mainly
of hemichrome and axyhemoglobin.

7. Blood Stain Discriminstion Criteria
Although the application of KM theory provides the
KM absorbance spectra whose shapes are close to the

-]

Fig. 5 M‘dﬂlhwhmtpﬂnd(ﬂhdmddhrﬂﬁmmmmﬂwwdmmlmmﬂwﬁ;wlAnd(b)

blood stains on diffcrent substrates [compare with Fig. 4b)).
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Fig. 6. Absorbance spectra of hemichrome (solid curve) and
oxybemoglobin (dotted curve) are in good agreement with our
btained KM absorb P in Fig. 5.

shape of the real stains’ absorbance spectra, these
curves, by no means, represent the true absorbance
spectra of the stains. Yet, the KM absorbance spectra
are shown to be less dependent on the substrate.
Therefore, to establish blood stain detection criteria,
we base our criteria on the KM absorbance spectra,
empirically collected from the real samples on sev-
eral substrates instead of using the true absorbance
curves of blood. Our blood stain detection methodol-
ogy is that the blood stain identification is deter-
mined mathematically through a series of blood
stain detection criteria and the results are to be ex-
pressed in pseudo-color on the image pixels. The
advantage is that the method produces a more discri-
minative result than the contrast enhancement
method. In the contrast enhancement method, it is
hard to distinguish blood from all other stains since
stains may possess different reflectance values from
hlood at one part of the spectrum, and the other
stains may at the other parts of the spectrum. In ad-
dition, image operations may distort the image
information through saturation and quantization.
Mathematical determination of blood stains through
Boolean logic based upon chosen spectral parameters
allows for concatenation of blood stain detection

In our real fully developed detection system, pre-
determined spectral parameters from all spatial
points on images of a test surface will be programma-
tically extracted and tested by a series of our blood
stain detection criteria. The criteria are simply the
mathematical inequalities involving the spectral
parameters purposely made in the way that they
would pass the spatial paints in the image that pos-
sibly correspand to the blood stain and at the same
time prevent the points ascertained as definitely not
corresponding to blood. Spectral parameters include
reflectance values, KM abeorbance values, arith-
metic operations of these values, and polynamial
coeflicients of KM abeorbance spectra. The spatial lo-
cations on the test surface that pass all of our criteria
will be finally identified as the blood stain. Criteria
are established based on empirically collected data
from blood and other stain samples. To establish
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the criteria, we first choose spectral parameters that
can intuitively reflect the distinct spectral character-
istics of blood stain reflectance and KM absorbance
curves as well as can simultaneously eliminate other
stains. The simplest criteria make use of only a single
spectral parameter. For example, since we observe
that blood stain KM absorbance is very small at
the red end of the visible spectrum, we make a criter-
ion that the KM absorbance at 710 nm wavelength
must be less than 1 G.e., K(710 nm) < 1; sce KM
absorption values at 710 nm wavelength shown in
Fig. 5). In this way, we can exclude many spatial
points corresponding to coffee and cocoa stains. In
another criterion example, we exclude spatial points
whaose reflectance values are close to the reflectance
of the substrate in order to eliminate the substrate
locations, (Rgr(470 nm)/R (470 nm) < 0.98; consid-
er reflectance values at 470 nm wavelength on the
charts in Fig. 4). In a more complex criterion, two ex-
tracted s parameters are plotted on the x and
y axes of a scatter chart. For conciseness, only six ex-
amples of these charts are shown in Fig. 7. Each data
point on the charts corresponds to the stain type in-
dicated by the shape of the marker. The substrate
type is indicated by the color of the marker. For
clarity, the separate charts on the right side show
data points corresponding only to the blood stain
whose trend can clearly cbserved. Criterion bound-
aries are manually selected to loosely encompass the
blood stain region. Each boundary is drawn, based
on the observed empirical data, with joining straight
line segments (red line segments in Fig. 7), so that
criteria expressed in simple linear inequalities
(Le.,y > mx +cory < mx + ¢) can be applied, where
x and y are the extracted spectral parameters on the
horizontal and vertical axes of the chart, respectively,
m is the slope, and c is the y intercept of the line seg-
ment. The correct marks indicate the interesting
region to be selected and cross marks indicate the
regions to be deselected by our proposed criteria.
During the real detection stage. which will be per-
formed in Section 8, any spatial points on the images
whose spectral parameter coordinates fall outside
the interesting region on the chart will be immedi-
ately excluded from the our interest. We normally
make slightly loose criteria to spare for noise in the
system. However, the data points from bleod stains
that considerably deviate from the trend possibly due
to large noise or impurity have to be excluded. Other
wige, specificity of the system must be sacrificed.
Although spectral parameters made from reflectance
and KM absorbance values of a few wavelengths
ﬂ“ig&7mnéw—7carequicktoprmandusefulto
prelimmnarily exclude some stains, they are not dis-
criminative enough to exclude all other stains. More
discriminative spectral parameters take advantage
of polynomial coefficients [Figs. 7(d)-7(0] since they
are established from more wavelengths and hence
less subject to the system’s noise. To make the criter-
ia, we apply polynomial fits (up to the third order) to
selected portians of the KM absorbance spectra. For
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