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Abstract. Robust reflectance-based skin detection is a potentially powerful tool for security and
search and rescue applications, especially when applied to video. However, to be useful it must
be able to account for the variations of human skin, as well as other items in the environment that
could cause false detections. This effort focused on identifying a robust skin detection scheme
that is appropriate for video application. Skin reflectance was modeled to identify unique skin
features and compare them to potential false positive materials. Based on these comparisons,
specific wavelength bands were selected and different combinations of two and three optical
filters were used for actively identifying skin, as well as identifying and removing potential false
positive materials. One wavelength combination (1072/1250 nm) was applied to video using
both single- and dual-camera configurations based on its still image performance, as well as its
appropriateness for video application. There are several important factors regarding the exten-
sion of still image skin detection to video, including light available for detection (solar irradiance
and reflectance intensity), overall intensity differences between different optical filters, optical
component light loss, frame rate, time lag when switching between filters, image coregistration,
and camera auto gain behavior. © 2016 Society of Photo-Optical Instrumentation Engineers (SPIE)
[DOI: 10.1117/1.JRS.10.046026]
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1 Introduction

The spectral variation of skin reflectance is potentially useful in several ways. This information can
be used to assess the health,'” activity level,*’ emotional state,*” and physical characteristics of a
person,>%!1%13 to tailor specific dermatologic treatments,”'*'® or for human detection.!”? This
effort focuses on the latter; the usefulness of this information as a way to detect human skin,
with the ultimate focus on the application to video. Robust skin detection offers potential as a
valuable asset for search and rescue efforts, as well as for security applications. There are several
existing approaches for identifying a person in a scene, including color-based methods,”*~ infra-
red (IR) detection,'?! pattern matching,’*?*?*3? and different hyperspectral methods.*> 183334
Each of these is appropriate for some situations but has difficulty in others.

The difficulties in most skin detection methods usually arise from similar items in the envi-
ronment or from the natural biological diversity of skin reflectance. Thus, this effort focuses on
identifying skin features that are consistent across different skin types, as well as different from
common items found in typical environmental settings. As a first step, a biophysical skin model
is constructed that provides reflectance as a function of wavelength and allows for the manipu-
lation of several skin properties. These skin properties, which affect skin reflectance and nat-
urally vary across human populations, include the amount of blood, oxygen saturation level,
collagen concentration, melanin concentration, beta-carotene concentration, bilirubin concentra-
tion, and subcutaneous reflectance. For this model, skin is divided into 10 separate layers, start-

ing with the stratum corneum and ending with subcutaneous fat. The stratum lucidum layer was
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included in the model, but its thickness was usually set to zero because it only occurs in the
palms, fingertips, and soles of the feet.

The skin model used for this effort is based on the earlier work by Nunez,>* Kubelka et al.,>>>’
Dawson et al.,*® and Meglinski and Matcher.*® The Kubelka—Munk model (K—M model) is one of
the earliest and most well-known works on this topic. It utilizes the absorption and scattering
coefficients of paint layers to determine their spectral reflectance. The K-M model has been
applied and modified numerous times since its inception in 1931,* including by Meglinski
and Matcher, who created a hybrid model with the Fresnel equations to account for reflectance
at the air—skin interface, where a high differential in the indices of refraction exists. Nunez
extended the work of Meglinski and Matcher by collecting in vivo and ex vivo optical
human skin data and incorporating it into their seven layer model. In addition to Nunez’s
data, the experimental skin parameter data used in the current model came from several different
sources,'*3946

Models based on the K-M theory have some inherent limitations, as most models do. For
example, K-M models often consider skin to be of a finite number of constant-thickness layers
of homogeneous optical properties, when in reality, layer thicknesses can vary and the optical
properties can vary within a layer type (such as at particulate-like distribution of melano-
somes). In addition, the K-M theory absorption and scattering coefficients are assumed to
be linear functions of the intrinsic material absorption and scattering coefficients, but it is
argued by Yang, Kruse, and Miklavcic*’~ that these coefficient sets share a nonlinear relation-
ship. However, despite its shortcomings, the K—M theory has its place. This effort focuses on
achieving a real-time, reliable skin detection method that can be applied to video in the field.
As such, the K-M theory is considered to be appropriate. With enough computational power,
time, and budget, higher fidelity skin modeling can be accomplished, but it is not always
warranted.

This effort’s skin model is compared to published experimental data for verification and used
to identify specific spectral regions that (1) can potentially be used to remotely identify skin;
(2) are consistent across the normal biological variations of skin and; and (3) which appear to be
different from possible environmental confusers. Using these selected spectral ranges, sets of
two and three optical bandpass filters are applied along with detection algorithms to identify
skin in scenes that also contain several items that could be confused with skin.

Finally, the last part of this effort is to extend the skin detection to video. Two different
systems are constructed and tested: a dual-camera system and a single-camera system. Each
type is found to have its own advantages and disadvantages. The dual-camera system identifies
human skin by comparing frames from individual cameras that are filtered differently. Three
different single camera designs are presented, all of which utilize some type of filter that changes
its spectral properties between alternating frames. Special considerations are also identified for
skin detection in video that become more influential when extending still image skin detection to
video, such as the importance of the amount of light available for detection (solar irradiance and
skin reflectance), frame rate, coregistration of images, differences in gain between differently
filtered images, and how to rapidly combine different images that have been filtered at different
wavelengths.

2 Skin Model

Human skin is complex with many unique characteristics and optical properties that may be
exploited for detection. It has several different chromophoric constituents and is roughly divided
into multiple different layers. For this model, 10 different layers were considered, which can be
categorized as the epidermis layers, dermis layers, and the subcutaneous fat. The strata layers
include the stratum corneum, stratum lucidum, stratum granulosum, stratum spinosum, and stra-
tum basale. Melanocytes, which weigh heavily in the visible spectrum, are found in the stratum
basale. Although the stratum lucidum layer was included in the model, its thickness was usually
set to zero because it only occurs in the palms, fingertips, and soles of the feet.’*>' The dermis
layers consist of the papillary dermis, upper blood net dermis, reticular dermis, and deep blood
net dermis. These layers, their thicknesses, and their organization are described in Fig. 1, as well
as their blood and water fractions.
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Layer Thickness B'°9d Wat_er
fraction fraction
Stratum corneum 8-20 um 0 0.05
Stratum lucidum 0-10um 0 0.2 — Epidermis
Stratum granulosum 3-5um 0 0.2
Stratum spinosum 50-150 um 0 0.2
Stratum basale 15um 0 0.2
Papillary dermis 150 um 0.04 0.5 7
Upper blood net dermis 80 um 0.3 0.6 .
Reticular dermis 1500 um 0.04 0.7 [ Dermis
Deep blood net dermis 100 um 0.1 0.7
Subcutaneous fat 6000 um 0.05 0.7 } Subcutaneous fat

Fig. 1 Names, order, and thicknesses of skin layers used in the model, along with blood and
water fractions. Skin thicknesses were taken from Anderson and Parrish,'® Meglinski and Matcher,%®
Fore-Pfliger,®® Nunez,® and Koruga et al.>' Blood fractions were estimated from Meglinski and
Matcher,*® Chapman,®? Stenn,?® Odland,>* Holdbrook,>® Renkin et al.,*® Ryan,%” and Jacques.®
Water fractions were estimated from Meglinski and Matcher,?® Chapman,®? and Potts.®

Of course, the actual anatomy of human skin is not as simple as a perfectly layered material
as shown in Fig. 1. The relative thicknesses, as well as the absolute thicknesses, can vary from
person to person and between different bodily regions. For example, epidermis on the palms of
the hands and soles of the feet is around 40 times thicker than that of the eyelids.”® And the
dermis of the back is much thicker than on the abdomen. As previously mentioned, the stratum
lucidum layer only occurs in the palms, fingertips, and soles of the feet. And although skin is
roughly layered, the layers are not always that well defined. For example, although higher pro-
portions of blood can be found in the upper blood net dermis and deep blood net dermis, it can
also be found in lower quantities in the papillary dermis, reticular dermis, and subcutaneous fat.*
The optical properties of blood also vary with its oxygenation state. Oxygenated hemoglobin
absorption peaks at around 415 nm, while unoxygenated hemoglobin absorption peaks at around
433 nm.® And the concentration of hemoglobin in the blood also varies from person to person,
as well as between veins and arteries. Thus, considering all of these complexities, several
assumptions (as described by Nunez**) were necessary in the model: (1) a typical skin thickness
is considered; (2) skin consists of a finite number of layers; (3) each layer has a constant thick-
ness; (4) each layer has homogeneous optical properties throughout and the properties change
instantaneously at the interfaces; and (5) normal incidence is assumed and the upper surface of
skin is assumed to be a Lambertian surface with a specular component.

Each layer is somewhat different from its adjacent layers, not only in thickness, but also in
composition and optical properties. It may contain different proportions of blood, oxygenated
hemoglobin, deoxygenated hemoglobin, collagen, melanin, lipid, beta-carotene, and bilirubin,
and each of these constituents possesses unique optical characteristics. Table 1 lists some of the
variables within the skin model that could be specifically tailored between runs, as well as their
ranges considered in the model. The proportion of collagen for each layer was considered to be
the remainder after the blood, water, and melanosome fractions were accounted for. This pro-
vides reasonable agreement with the literature.®'~%*

For this effort, the importance of all of the properties listed in Table 1 is in how they affect
skin’s optical properties, which, of course, varies with wavelength. To allow the model to pro-
vide spectrally unique results, wavelength-dependent absorption coefficients for all of these
properties were provided to the model. This data were obtained from various sources, including
Du et al.*’ (beta-carotene and bilirubin), Prahl*! (hemoglobin), Pope and Fry42 and Palmer and
Williams* (water), van Veen et al.** and Altshuler et al.'* (lipid), Nunez* (collagen), and Sarna
and Swartz*® and Thody et al.*® (melanin). The subcutaneous reflectance data were from cadaver
measurements by Nunez.™

The skin model created for this effort is based on the earlier work by Nunez,*® Kubelka
et al.,*>” Dawson et al.,’® Meglinski and Matcher,* and Jacques.63 The K-M model is one
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Table 1 Skin composition property values used in the model.

Skin property Value

Melanosome fraction (stratum spinosum 0.016 to 0.43%483
and stratum basale)

Beta-carotene concentration in blood 7(1075)g/L®®
Beta-carotene concentration in epidermis 0.21 to 0.9 ug/g®%®
Beta-carotene concentration in dermis 0.07 ug/g®
Hemoglobin concentration in blood 134 to 173 g/L"%®
Bilirubin concentration in blood 0.009 to 0.22 g/L%
Hemoglobin oxygenation fraction 0.93 to 0.99 (arteries),

0.40 to 0.80 (veing)30-:68:69.70.71.72

Reflectance of subcutaneous fat 0.45 t0 0.7%

of the earliest and most well-known works on this topic and it has been applied numerous times
since its inception in 1931.% Dawson et al. further developed the theory for light transmission
and reflection in layered materials, while Meglinski et al. extended the K-M model to account
for reflectance at the air—skin interface. Nunez collected in vivo and ex vivo optical human skin
data, which are applicable to some of the individual skin layers considered in K-M models. The
methodology for the skin detection model can be described in four steps.

Step 1: Model the Fresnel reflection at the air/skin (stratum corneum) interface. The Fresnel
equation, as discussed by Hecht,”® takes into account the indices of refraction of the
two interfacing materials to determine the reflection. It is only valid at normal incidence

and can be computed as
_ 2
F— (772 ’71) ’ (1
N tm

where 7, is the index of refraction for air and 7, is the index of refraction for the uppermost
skin layer, the stratum corneum.

Step 2: Determine the transmission and reflection of each individual layer. Kubelka and
Munk*~*® have provided equations that allow for the determination of the transmission
and reflection of homogeneous layers of material with constant optical properties. Each
skin layer has unique optical properties, and these equations consider the different scattering
and absorption coefficients of the various constituents within each layer as a function of
wavelength. The transmission and reflection of the »’th layer as a function of wavelength
can be described as

- 46,(2)

") = T, PR — (1 = py e ”
— n()n—_n(>n

P 10 Gt i) 3)

1+ B Q)5 D% 1= p, ()P

where d,, is the thickness of the n’th layer. The parameters /3, (1) and K ,(4) are dependent on
the wavelength, 4, and are related to each layer’s absorption and scattering properties

K. (3) = VA,(W[A,(4) +28,(2)]. ®)
where A, and §,, are the absorption and scattering coefficients as a function of wavelength,
respectively

Journal of Applied Remote Sensing 046026-4 Oct-Dec 2016 « Vol. 10(4)

Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 12/15/2016 Terms of Use: http://spiedigitallibrary.or g/ss/ter msofuse.aspx



Langston: Reflectance-based skin detection in the short wave infrared band and its application to video

A,(A) = " , (6)
1,1 Sn
3t+7 { - [s,;<4>+an<x>1}
Sl’l
Sp(2) = . : ™
4, 38 54 (4)
3+ {1 - Mmm)}}

The general scattering coefficient, which depends highly on the collagen content, was
based on the equation put forth by Jacques:**

s =2(102)47* 4+ 2(105)4715, 8)

Step 3: Sum all of the reflectance and transmittance paths in the first layer. Equations (2) and (3)
allow for the determination of the first transmission or reflection path of a single layer.
However, each time light encounters an interface, it is partially reflected and partially trans-
mitted, as shown in Fig. 2. This continues until the amount of light remaining in the layer is
negligible. Equations (9) and (10) are based on work by Kubelka,*® Gurevic,”* and Zocher.”
They account for an infinite number of diminishing reflections between the air and the first
skin layer interface

Ry =ro+8r Y (ror)™, )
m=0

where R; is the total reflectance from the first layer, r, is the reflectance at the air—skin
interface (interface 0), r; is the reflectance at interface 1, and ¢, is the transmittance at
the air—skin interface

Ty =t,t1 Y (ror)", (10)
m=0

where T is the total transmittance through the first layer and #; is the transmittance at inter-
face 1.

Step 4: Finally, using the reflectance and transmittance of the first layer, proceed to calculate the
total reflectance and transmittance of all layers combined through an iterative process, as
shown in Eqgs. (11) and (12), which are a continuation of Eq. (9) and (10) above. n represents
the interface number

Ry =Ry +T2ry > (Ryryey)™, (11)
m=0
Tyt = Tutusr Yy (Ruru)™ (12)
m=0
I t.2r, t2rr,

\ \ Interface 1
t

ot1 I'12I'°2

Fig. 2 lllustration of the calculation of skin transmittance and reflectance for the first layer. r,, and
t, represent reflectances and transmittances, respectively. The subscript, n, represents the inter-
face number.
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3 Skin Model Output

As previously mentioned, the skin model includes several parameters that may be varied, includ-
ing subcutaneous reflectance, melanosome fraction, beta-carotene concentration in blood, beta-
carotene concentration in the epidermis and dermis, bilirubin concentration in blood, hemoglo-
bin concentration in blood, oxygen saturation, and blood fraction (average concentration of
blood in the dermis). Each of these parameters has natural ranges associated with them,
with variability coming from person to person differences, physiological state, and ethnicity.

Of all these variables, melanin was by far the most influential on the skin reflectance results.
Beta-carotene, bilirubin, and hemoglobin concentration variations all had minimal effect in com-
parison. Overall blood fraction in the skin and the subcutaneous reflectance also had significant
impact but not as much as melanin. Figure 3 shows the changes in reflectance observed when
varying the melanosome content, blood fraction, and subcutaneous reflectance from their mini-
mum to maximum values, with all other variables being set to their median values.

The trends shown in Figs. 3(a) and 3(b) are similar to those described by Petrov et al.,”® who
evaluated human skin through in vivo transmission measurements and Monte Carlo simulations.
They simulated the effect of varying the melanin content (0% to 45%) and blood concentration in
the layers from papillary dermis to subcutaneous tissue (0% to 70%) on reflectance from 350 to
1000 nm. They showed a very strong influence from melanin throughout their range that was
very similar to Fig. 3(a). Their results also demonstrated a more subtle influence of blood con-
centration on reflectance in this spectrum, similar to Fig. 3(b), except they indicated a stronger
response between 500 and 600 nm for their input parameters.

Upon closer inspection of Fig. 3(a), it can be seen that the influence of melanin on reflectance
occurs mostly in the visible region. This is the primary reason why this effort avoided the visible
spectrum and instead focused on the short wave infrared (SWIR) region, where the effect of
melanin on skin reflectance is much less severe. If we were to focus on the visible region,
differences in melanosome content (skin color) would drastically impact the ability to detect
skin. Figure 3(a) shows that even the hemoglobin “w” feature between 500 and 600 nm,
which is sometimes used for skin evaluation and detection,>*1%**"7 is almost completely washed
out with dark skin color. Human skin reflectance has very significant variability in the visible
region due to melanin. Considering this large variation in detection will only require a larger
variation in the indices that must be considered. Though it is not impossible to detect skin when
considering visible reflectance, it was considered prudent in this application to avoid regions
where there can be a lot of variation between different individuals. Other researchers have
taken a different approach by considering the visible region. For example, Chen et al.”® focused
on modeling the effects of melanin more accurately, while Baranoski et al.** proposed a four-
wavelength detection index that includes wavelengths from both the visible and near-IR regions.
Such an index may perform well but may also be difficult to apply in a video detection system. It
would require sensors that cover a large spectral range and the ability to capture and compare
four different images per video frame.

To bound the skin reflectance ranges from the model, the variables were combined in a way
to achieve the most extreme cases. This is shown in Figs. 4(a) and 5(a), alongside experimental
reflectance data from Vyas et al.,” Cooksey et al.,” Jacquez et al.’**®' as comparisons in
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400 600 800 1000 1200 1400 1600 1800 400 600 800 1000 1200 1400 1600 1800 400 600 800 1000 1200 1400 1600 1800
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Fig. 3 The effect of varying (a) melanosome fraction, (b) blood fraction, and (c) subcutaneous
reflectance from their minimum to maximum values (with all other variables set at their median
values).
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0.8

Modeled -
0.7t L3%nm Measured [80] -- | |

0.6

Reflectance
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0 L i 1 i i L
400 600 800 1000 1200 1400 1600 1800
Wavelength (nm)

Fig. 4 Maximum reflectance as predicted by the model and as measured by Cooksey et al.”

Figs. 4(b) and 5(b), respectively. The data from Cooksey et al.** were selected as a comparison
for lightly pigmented skin because review of the photographic images of their subjects’ skin
indicated that they had considered several subjects with visually light skin. However,
Cooksey’s data were not used as an experimental reference for darkly pigmented skin. None
of the available images shown in Ref. 82 showed that they had included subjects with high
melanin content. They also indicated that their subjects were not selected based on ethnicity
as might be related to skin tone.””*?> And finally, their lowest reflectance curves exhibited a
higher reflectance than that described by Vyas et al., Jacquez et al., and Parra for African
American and African skin, respectively. Therefore, for skin with high melanin content,
Vyas’s and Jacquez’s data were considered more appropriate for comparison to the model.’

It can be seen that the model output provides reasonable agreement with Cooksey’s exper-
imental data on the high end of the range (lightly pigmented), both in magnitude and shape of the
reflectance curve. There are some areas where the magnitude differs between the experimental
data and the model predictions. These discrepancies may result from slight differences in the
actual versus modeled skin properties, inaccuracies in the model, or factors related to the exper-
imental measuring techniques and equipment used.

The model also provides reasonable agreement with the reflectance curves for skin with high
melanin content. However, the model also has some differences from both experimental curves.
The model is in good agreement with the overall magnitude of reflectance of Vyas’s

0.8

Modeled

Measured [82,83] -
0.6

Measured [5] ..

Reflectance
o
N

o
N

0 1 1 1 L L 1
400 600 800 1000 1200 1400 1600 1800
Wavelength (nm)

Fig. 5 Minimum (high melanin content) reflectance from model compared to measured reflec-
tance from African American skin as measured by Vyas et al.’ and Jacquez et al.8%8!
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experimental data, but there is a noticeable difference in the shape of the curve. Specifically, the
peak around 1100 nm is more muted in Vyas’s data. It was also observed that this peak was also
diminished in Vyas’s data for lighter skin (Caucasian and Asian) when compared to that of
Cooksey et al. As another reference point, Jacquez et al. also measured the reflectance of
high melanin content skin. Their curve is more representative of the model in its shape but
it shows a somewhat higher reflectance between 700 and 1300 nm. The variations between
the different reflectance measurements may be due to differences in measurement technique,
equipment, or test subjects.

In the case of a curved shape, the model output is more representative of Cooksey’s and
Jacquez’s data. It is suspected that if Cooksey’s data had included skin with high melanin con-
tent, there would be a better match in curve shape in this pigmentation range. It can also be noted
that Parra'? studied skin reflectance based on populations with different levels of pigmentation.
Although they only reported for a spectral range of 400 to 700 nm, their measured reflectance for
skin from African subjects was also on the order of that shown for the model in Fig. 5. These two
curves produced by the model (maximum and minimum reflectance) represent the range of
reflectances that can be identified as skin.

4 Skin Detection in Still Images

The primary purpose of the skin model was to identify appropriate wavelengths to search for
skin, while also avoiding other materials that could create false positives. Figure 6 shows typical
skin model output, overlaid with the reflectance profiles of several items that could potentially
create false positives, based on either their color or water content, which is heavily influential in
the SWIR region. The wavelengths that were chosen for investigations are also marked with
vertical lines.

It can be seen that there are some similarities and differences between the reflectance of skin
and the potential confusers shown in Fig. 6. As previously mentioned, skin detection was
avoided in the visible and near-IR regions because of the high variability of skin reflectance
with melanosome concentration. Focusing instead in the SWIR range, a few different features
are noticed with skin reflectance. There is a strong reflectance peak around 1100 nm, as well as a
subsequent one at around 1250 nm. There is also a dip around 1450 nm and another small peak
around 1650 nm. The purpose herein was not just to identify unique characteristics of skin for
detection but also to identify characteristics that were different from other potential confusers.
Each of these spectral features was considered for skin detection, and particular wavelengths
were chosen based on the practical availability of optical bandpass filters.

1072 1250 1550 1650

08 Cardboard
N

Melting Snow
0 6 - & e Grass

-—— -
. - -
‘ >

Reflectance

0 L L L L N P A,
400 600 800 1000 1200 1400 1600 1800
Wavelength (nm)

Fig. 6 Reflectance of skin and some potential confusers (grass,® trees,®® cardboard,® dry sandy
s0il,%#* wet sandy soil,®* wet dark soil,®* and melting snow.®® Also shown are wavelengths of
interest that represent unique skin features and available optical bandpass filter designations.
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1072 nm: There is a strong peak for skin reflectance at this wavelength. The high level of
reflectance means that a reflectance signature should be available for measurement even in lower
light conditions. Because of this strong peak and the relative consistency across different skin
types, 1072 nm was chosen as the primary (reference) wavelength for skin detection efforts.

1250 nm: There is also a fairly strong reflectance for skin at this wavelength and when com-
paring the 1072-/1250-nm ratio between skin and the other materials in Fig. 6, there is a sig-
nificant difference. For cardboard and soil (wet or dry), the reflectance is higher at 1250 than at
1072, opposite that of skin. And for vegetation (grass and trees), the 1250-nm reflectance is
much closer to the 1072 reflectance than that of skin.

1450 nm: The region around 1450 nm also exhibits a unique reflectance feature that is worth
discussing. A strong dip occurred here that was most prominent with skin and vegetation. This is
due to the strong absorption peak of water in this range. This region was avoided because the
strong absorption means that very little overall reflectance would be expected for skin, making it
difficult to measure, especially in low light conditions. This is also compounded by the fact that
atmospheric absorption of light in this range is very strong due to the presence of water in the
atmosphere. Very little solar illumination at 1450 nm even reaches the subject in natural lighting
conditions. Both of these factors mean that very little signal is available to detect. Figure 7 pro-
vides a plot of solar spectral irradiance from Ref. 86.

1550 nm: Skin’s reflectance at 1550 nm is much lower than that of the other materials shown
in Figure 6. Because a significant difference in the 1072-/1550-nm ratio can be achieved
between skin and the other materials, this wavelength was considered. This combination is
also very similar to that used by Nunez*® (1080/1580 nm), with which he reported good results.
Furthermore, the atmosphere has lower absorption at 1550 nm than it does at 1450 nm, allowing
more radiation to reach the earth’s surface. A drawback to this wavelength is that although reflec-
tance is greater than that at 1450 nm, skin still has a generally low reflectance here, potentially
making detection difficult in low light conditions. Furthermore, it has also been reported that skin
has similar reflectance to some water and soil mixtures between 1450 and 1650 nm.**

1650 nm: The reflectance of skin at this wavelength is slightly higher in magnitude than that
at 1550 nm, and the 1072-/1650-nm reflectance ratio is much different for skin versus the other
materials. Therefore, this wavelength was also considered.

For skin detection measurements, identical images were captured using each of the band-
pass filters, and then compared pixel by pixel to identify which pixels represented the
expected reflectance properties of skin. The differences between the two images were proc-
essed using a normalized difference index, similar to the normalized difference vegetation
index (NDVD)'® and the normalized difference skin index (NDSI).* Considering that
1072 nm was used as the primary reference wavelength, the normalized difference index
for this work can be expressed as
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Fig. 7 Solar spectral irradiance (direct + circumsolar).®
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where NI, is the normalized index for the i’th pixel and p; is the estimated reflectance for the
i’th pixel at the indicated wavelength. x represents either 1250, 1550, or 1650 nm.

Because the normalized index is based on reflectance and the different bandpass filters lead to
differences in overall image intensity, images must first be converted from radiance to reflec-
tance. One method to accomplish this is to measure the solar irradiance and divide the spectra by
it. Another method, the empirical line method (ELM) (described in Ref. 87, makes use of linear
regression utilizing in-scene targets with known reflectances. It has been proven and applied with
success by previous researchers®*” For convenience, the ELM was used.

Detection was evaluated both indoors using tungsten-halogen lamps and outdoors under
natural illumination. Tungsten-halogen lamps were used indoors because they provide broad
spectrum illumination, as well as a good representation of the illumination from the sun within
the spectral ranges considered. Most other indoor lighting types, such as incandescent, fluores-
cent, compact fluorescent, and light-emitting diode are confined mostly to the visible range and
are often comprised of lighting from only a few different distinct bands.

Figure 8 provides a photograph of an indoor scene used for skin detection analysis. It can be
seen that along with subjects of different skin tones, several potential confusers were also
included in the scene to challenge the method, such as vegetation, cardboard, leather, a
skin-tone brick, dry sand, wet sand, and a human form (dummy). Figure 9 shows the skin detec-
tion results for the different two-filter combinations (1072/1250 nm), (1072/1550 nm),
and (1072/1650 nm).

For a two-filter system, the 1072-/1250-nm combination performed the best. It was the only
one that successfully identified the shadowed skin on the foot of the subject on the left. It also
had less trouble with false positives. The 1072-/1550-nm and 1072-/1650-nm combinations
both had significant difficulty with the vegetation in the scene, and the 1072/1650 combination
seemed to struggle with shadows under the table as well. All of the combinations successfully
excluded all of the other potential false positives in the scene (leather, cardboard, wet sand,
dry sand, skin-tone brick, and human form). Figure 10 shows in-scene results for the
1072-/1250-nm combination, both inside under tungsten-halogen lighting and outside under
ambient light. The outside scene has significant vegetation in the background (grass and
trees), as well as sea water, shadows, and several man-made materials. The applicable range
of the normalized index depends on the maximum and minimum skin reflectances at the
two wavelengths being considered.

For the 1072-/1250-nm combination, the index ranges from 0.19 to 0.24 for modeled reflec-
tance. When considering experimental reflectance data from Cooksey et al. and Jacquez et al.,

‘ Leather

-

— -
/ Cardboard
Wet
sand

Dry
sand Skin-tone
brick

Fig. 8 Photograph of scene with different skin tones and potential confusers (vegetation, leather,
cardboard, skin-tone brick, dry sand, wet sand, and human form).
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(a) (b)

Fig. 9 Skin detection results for (a) the 1072-/1250-nm filter combination, (b) the 1072-/1550-nm

filter combination, and (c) the 1072-/1650-nm filter combination.

Fig. 10 Inside and outside skin detection results with the 1072-/1250-nm filter combination.

the index ranges from 0.18 to 0.23. As a comparison, the NDSI range for the 1080-/1580-nm
wavelength pair by Nunez* is reported as 0.66 to 0.77 and the MDSI range for the
450/650/1450/1650 wavelength set by Baranoski and Chen* is reported as 0.16 to
0.18. As an additional comparison, Table 2 shows the 1072/1250 index values for several
other materials, along with that of modeled and measured skin reflectance. Although there
are countless materials and material combinations in nature, Table 2 shows that the
1072-/1250-nm pair results in an index that leaves a broad range of materials well outside

the index range of skin.

Table 2 Comparison of 1072-/1250-nm pair index for skin and other materials.

Material

1072/1250 NI index value

Skin (modeled)

Skin (reflectance data)’®®"
Cardboard®®

Trees®

Grass®®

Dry sandy soil®®84

Wet sandy soil®

Wet dark soil®*

Melting snow?®®

0.19 to 0.24
0.18 to 0.23
—-0.09
0.05
0.03
—-0.05
-0.02
-0.15

0.66
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5 Three-Filter Skin Detection for Active Rejection of False Positives

The reflectance of skin in the SWIR region is much more stable than in the visible spectrum due
to the reduced influence of melanin. However, skin reflectance in this range can be similar to
other materials, such as vegetation and in some cases, shadows. Vegetation, such as skin, con-
tains a significant amount of water, which plays an important role in the SWIR band. To address
this, an effort was made to use a third filter to help with false positive rejection in the filter
combinations that had trouble with vegetation. The idea was to actively identify vegetation
and then subtract it from the image. In previous works, vegetation has been identified with
the NDVI using 860- and 660-nm Wavelengths.g&89 However, because we focused on a different
spectral region and wanted to minimize the number of filters, vegetation was identified using a
different wavelength set. As can be seen in Fig. 6, the reflectance of vegetation is similar to skin
at 1072 nm. However, it is significantly higher than skin at 1250 and 1650 nm. This offers an
opportunity to selectively identify vegetation and remove it from the skin detection results. The
1072 nm was once again used as a reference wavelength. Using the third filter, any ratios that
matched vegetation were identified and then those pixels were subtracted from the skin detection
results. Figures 11 and 12 show the skin detection results with and without the active subtraction
of vegetation.

By applying the third filter approach, the results were clearly improved for the 1072-/1550-nm
wavelength set, bringing its performance to that achieved with the 1072-/1250-nm set. The detec-
tion of both the vegetation and shadows under the table was reduced. But even though use of the
third filter resulted in an improvement, practicality must also be considered. The three-filter

@ TS!

Fig. 11 Skin detection results with and without subtraction of vegetation. (a) The two-filter method
(1072/1550 nm) and (b) the three-filter method [1072/1550 nm (skin) and 1072/1250 nm
(vegetation)].

(a) (b)

Fig. 12 Skin detection results with and without subtraction of vegetation. (a) The two-filter method
(1072/1650 nm) and (b) the three-filter method [1072/1550 nm (skin) and 1072/1250 nm
(vegetation)].
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method is a more complicated and slower process and a designer has to decide if the improved
detection accuracy is worth these drawbacks, especially when applying the system to a video,
which needs to be rapid and require minimal computation. In addition, the third filter approach
specifically targeted the material that presented the most challenge: vegetation. It may not apply to
other materials that could lead to false detections. The best two-filter index (1072/1250 nm) also
provided good detection with minimal false detection problems and was much more practical.
Thus, the 1072-/1250-nm set was chosen for application to video.

6 Skin Detection in Video

Because the skin detection premise requires the comparison of at least two different images,
acquired through different bandpass filters, the application to video requires filtering individual
video frames differently and then comparing them. There are two different ways to accomplish
this: a single-camera system that is filtered differently for alternating frames, or a multicamera
system, where each camera is affixed with a different filter. Each approach has advantages and
disadvantages. For this work, only a two-filter combination was considered in the application to
video. This is because although the 1072-/1550-/1250-nm three-filter system improved the per-
formance to some degree, the 1072-/1250-nm filter combination also proved adequate and leav-
ing out the third filter reduced complexity. And as will be explained more below, the
1072-/1250-nm filter combination was also found favorable for video application because
the reflectances at these two wavelengths were large and somewhat close in magnitude.

One of the major challenges with either the single- or dual-camera approach is acquiring
differently filtered images rapidly and computing the skin detection results fast enough to
keep up with the desired video frame rate. For a dual-camera system, changing the filter is
not required because each camera is permanently fitted with a specific filter, but with a sin-
gle-camera system, the filtration wavelength must be changed between alternating frames.
Another challenge for both types is associated with the camera gain. The reflectance of skin
and the environment in general varies with wavelength. When different filters are applied,
differences in the overall intensity of the resulting image will also vary. Normally, camera
auto-gain correction can easily account for intensity changes. However, in the case of skin detec-
tion, differences in intensity between the filtered images are problematic, requiring the detection
algorithm to account for the intensity variations by either measuring and dividing by the ambient
illumination, or making use of materials in the scene with known reflectances. Known materials
are not always available and comparing to ambient illumination can be problematic when it
varies across the scene (such as in shadows).

The gain problem is further complicated when utilizing a single-camera system. Cameras
with auto-gain control usually average several frames before changing gain. But in a situation
like this, gain would need to change for every alternating frame, making for erratic, rapid gain
changing operation. Furthermore, for the camera to set a gain value for the upcoming frame, it
must have some prior knowledge of the scene illumination, and it would be required to only
consider prior frames that were taken under the applicable filter.

The sensitivity to gain of both single- and dual-camera systems is another reason why the
1072-/1250-nm filter combination is more attractive than the 1072/1550 or 1072/1650 combi-
nations for video; the reflectance magnitude at these wavelengths has a smaller differential than
the other pairs, meaning that less gain change is required between image pairs. Furthermore, a
single gain setting can often be used to cover both filter wavelength intensities, mostly elimi-
nating problems with intensity differences between alternating filter images. Additionally,
another benefit of these two wavelengths, versus the others considered, is that the overall mag-
nitude of solar irradiance and skin reflectance is greater for both of them than the others con-
sidered, providing greater signature in low light conditions.

6.1 Dual-Camera System

A dual-camera system allows for two different video streams to be captured separately and
then compared and analyzed for skin presence. As shown in Fig. 13, each camera is fitted
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Fig. 13 Dual-camera skin detection video approach.

with a different optical bandpass filter and then images from both cameras are processed
together.

The dual-camera approach was the simplest to implement in the laboratory and has some
advantages, as well as disadvantages when compared to a single-camera system.

Advantages

¢ Low light loss due to the minimal number of optical components in front of each camera
(one filter only). This leads to better performance in low light conditions.

* A high skin detection video frame rate can be produced, because each video frame can be
used to create a skin detection image. In a dual-camera system, the skin detection video can
be the same frame rate as the original video. However, in a single-camera system, the frame
rate is halved or slower because alternating frames are filtered differently and then
compared.

Disadvantages

* Two cameras are required, which are expensive and demand more power.

¢ Two different gains are in play. Either this must be accounted for by measuring and con-
sidering the ambient illumination or in-scene objects of known reflectance, or both gains
must be synchronized. For gain synchronization, either both gains must be fixed or if an
automatic gain control is used, one camera must be slaved to the other.

¢ Dual images must be coregistered due to the difference in physical position of the indi-
vidual camera lenses. And because of the differences in perspective, the images may not
always match, especially at short viewing distances. This also makes zooming to different
depths of field difficult.

The dual-camera system was configured and tested. Figure 14 provides a screenshot from a
dual-camera system video, this time with the skin-colored red. The dual-camera system using the
1072-/1250-nm filter combination was found to perform well.

6.2 Single-Camera System

A single-camera system is more attractive from a practical standpoint, primarily because only
one camera is needed. In addition to eliminating the additional camera, this allows for only one
camera gain to be used, eliminating disparities between camera gains that could affect skin detec-
tion. However, there are also challenges associated with this approach. The benefits and draw-
backs of a single-camera skin detection system are as follows.
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()

Fig. 14 Screen shot from video of dual-camera skin detection system (a) without skin detection
applied and (b) with skin detection.

Advantages

* Only one camera is needed.

* The gain can be automatically matched for both images because it is operated by only one
camera. Even when the gain is changed, there is minimal influence. This is because typical
cameras sample and adjust their gains much more slowly than the frame rate. Several
frames are gathered before the gain adjusts.

* Both images are perfectly coregistered because they are being captured from the same
camera.

* Ability to zoom to different depths of field.

Disadvantages

¢ Requires special optical components to switch back and forth between the two different
filter wavelengths.

* The optical configuration is more complex and requires additional components (such as
polarizers), which lead to significant light loss.

¢ Slower skin detection video frame rate. Because at least two frames are required to create a
skin detection image, the frame rate is cut in half, or is slower, compared to the origi-
nal video.

In an effort to create a system that only required one camera, three different setups were
conceived. They all utilized a multiplexing technique that used alternating camera frames to
create the skin detection images. This is described in Fig. 15. In this figure, frames 1, 3,
and 5 represent images taken using one of the two optical filters, and frames 2, 4, and 6 represent
images taken using the other one. These odd and even images are then paired and processed
through the skin detection algorithm to create skin truth images, which are then recombined into
a video format.

This process requires precise synchronization. The device that switches between the two
filter wavelengths must provide a trigger to tell the camera when to capture a frame (or trigger
a frame grabber to capture a frame from the camera). Figure 16 shows the three different optical
configurations and ranks them in order of cost and expected performance. As is typical, cost was
directly proportional to expected performance.

Option 1 was considered to be the simplest and highest performance by far, but required a
single filter that was designed to pass narrow spectral bands for both of the necessary wave-
lengths (1072 and 1250 nm). This feature required custom fabrication and made this option
prohibitively expensive for this effort. Behind the dual bandpass filter would be a device
designed to alternate between the two wavelength bands, consisting of two polarizers and a
liquid crystal (LC) switch. The LC switch, using an electrical signal, would vary its retardance
so that only one of the wavelengths was properly polarized to pass through the subsequent polar-
izer. This composite device is referred to as a “wavelength switch.”

Option 2 would use two separate filters, but put one of the wavelength switch polarizers (the
rear one) to dual use. In this case, it would be split into two separate components, each of which
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Fig. 15 Multiplexing approach used with single-camera system.
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Fig. 16 Options considered for the custom “wavelength switch” to alternate between 1072 and
1250 nm.

would function both as a polarizer and as a reflector, depending on the state of the LC switch. For
example, when transmission from filter 1 was desired, the LC switch would change the polari-
zation so that all of the light from both filters was presented to the rear, angled polarizers as
S-polarized, which would then reflect off of the polarizers. This meant that the light from filter
2 would be reflected off to the right, while the light from filter 1 would be reflected off of both
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Fig. 17 Custom wavelength switch performance for switched to pass (a) 1072 and (b) 1250 nm.

polarizers, ultimately directing it into the camera. When transmission from filer 2 was desired for
the camera, the LC switch altered the polarization of the light coming from both filters, so that it
passed through both rear, angled polarizers as P-polarized. This meant that light from filter 1
would pass straight through the left polarizer and go nowhere. The light from filter 2 would pass
through the right polarizer and into the camera.

Option 3 was the most complicated and least efficient, but it was also the lowest cost, which
is why this option was chosen to demonstrate the concept. Option 3 uses a “wavelength switch”
similar to option 1, except it uses two separate bandpass filters. To direct the light passing
through both bandpass filters into the wavelength switch, an additional mirror and beam splitter
were used.

Figure 17 shows the performance of the custom-made wavelength switch used. It is capable
of switching between nearly full passage of one wavelength, while blocking the other, and vice
versa. However, it does not have a sharp cutoff for the two wavelengths like Option 1 would. For
this reason, the additional bandpass blocking filters are still required in front of the wavelength
switch, to reduce the incoming light to only include the 1072 and 1250 bands. Utilizing stereo
lithography and three-dimensional printing, an enclosure was fabricated to house and arrange the
option 3 optical components.

Figure 18 provides a screenshot of the video obtained with the option 3 configuration while it
was alternating between the 1072- and 1250-nm filters in sync with the camera frames. At least
one frame was skipped between captures to allow for wavelength-switching time. Using this
configuration to capture images for skin detection allowed for the use of only one camera.
Skin was successfully identified with this system but the results were not as good as those
obtained with the dual-camera system. This is to be expected as option 3 had several additional
optical components redirecting the light path, whereas in the dual-camera system, the filters were
directly in front of each camera. If we were to implement the more expensive option (option 1)

(@) (b)

Fig. 18 Screenshot of the skin detection video processed through the wavelength-switching opti-
cal box (a) without skin detection applied and (b) with skin detection.
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that passed the light straight through to the camera without any reflections, we would expect the
results to be better.

Another important point is that detection was poorer on parts of the subject that were moving
faster. The subject was rotating in the chair for the video and moving his right hand back and
forth. The right hand represented the fastest movement, as well as the poorest detection. This
indicates that the frame rate that was used was likely too slow. As the hand quickly advanced, the
time lag between frame captures caused it to be in different positions for the two images that
were compared (1072 and 1250 filter images). By increasing the frame rate and making sure to
skip as few frames as possible between frame grabs, there would be less difference in the position
of the moving hand between adjacent video frames. In this case, the time required for switching
between filter wavelengths caused the loss of at least one frame between differently filtered
images. The ability to increase the frame rate would also be expected to improve with the
more costly option 1.

7 Discussion

Skin reflectance was modeled and compared against potential environmental confusers, skin
detection performance was evaluated in still images, and the concept was applied to video.
Following the work of Kubelka, Meglinski, and Nunez, the skin model was created using
the Fresnel and K—M equations, along with various data sets that described the concentrations
and distributions of skin’s many constituents. The model reflectance output provided reasonable
agreement with published experimental reflectance data for both lightly and darkly pig-
mented skin.

The K-M approach has some inherent inaccuracies in modeling skin reflectance. In it, skin is
considered to be a finite number of constant-thickness layers of homogenous optical properties,
when in reality, layer thicknesses can vary and the optical properties can be inhomogeneous. The
K-M theory also utilizes linear relationships between its own scattering and absorption coef-
ficients and the scattering and absorption coefficients of the medium, when those relationships
may actually be nonlinear.*’~* Despite these inaccuracies, it was found to be appropriate and
effective in the goals of this effort. Most models involve a trade-off between performance and
other factors, such as processing speed and equipment cost. With enough computational power,
time, and budget, high fidelity skin modeling can be accomplished. However, this effort focused
on selecting filter wavelengths that could be used for achieving a real-time, reliable skin detec-
tion method that can be applied to video in the field. For these reasons, the K—M theory was
appropriate.

An example of the trade-offs between performance, processing speed, and cost for skin detec-
tion methods can be seen by referring to the work of Baranoski and Chen.** They considered a
larger spectral range (UV to IR) and applied four different wavelengths into their detection index
(compared to the two used herein). Utilizing a much larger spectral range and doubling the
number of optical filters may improve detection performance in this effort but would also
be less practical in application. And as they pointed out, the spectrometer hardware required
may still not be affordable for general use.>* More importantly, another major consideration
is the requirement of using four-wavelength filters in both the IR and visible spectrums,
which would make the hardware even more complicated for video. It would either require
four camera systems or a single broad-spectrum sensor and a method to rapidly switch between
four filters (and capture images) at an acceptable video frame rate. The data set would also
double, slowing the processing rate. A balance among performance, cost, and computational
speed must be considered, especially when designing an affordable, fieldable sensor that
must operate rapidly enough to keep up with typical video frame rates.

By varying the parameters in the skin model, it was readily observed that natural variations in
melanosome concentration played a very large role in determining the overall reflectance in the
visible and near-IR spectra. Low melanosome concentrations produced higher reflectance and
vice versa. The ranges associated with blood fraction and subcutaneous reflectance exhibited
moderate effects, while the influence from beta-carotene, bilirubin, and hemoglobin concentra-
tion variations were minimal. Because the goal was to be able to identify skin under various
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situations, regardless of natural physiological variations, the heavy influence of melanin was
avoided, driving the focus to the SWIR region.

Using the skin model, several unique skin reflectance features were identified in the SWIR
region, which were compared to the reflectance of other materials that could potentially cause
false detections. SWIR spectral bands were selected for investigation that represented unique
skin features, differences from potential false positive materials, and that matched available com-
mercial filter bands. These included 1072, 1250, 1550, and 1650 nm. Although the region
around 1450 nm represented a unique skin reflectance feature, it was avoided due to high atmos-
pheric absorption and low skin reflectance.

Due to its high solar irradiance, high reflectance magnitude, and relative consistency across
different skin types, 1072 nm was chosen as the primary (reference) wavelength. The other
wavelengths under consideration were then paired with it and used to identify ratios that
would be indicative of skin, using a normalized difference index, and not representative of
any potential confusers. The 1072-/1250-nm filter combination provided the best performance
of the two-filter combinations, both inside under tungsten-halogen lighting, and outside under
natural illumination. The other wavelength pairs (1072/1550 and 1072/1650 nm) struggled
more with false detections from vegetation and shadows. Vegetation, like skin, contains a sig-
nificant amount of water, which is very influential in the SWIR band. In fact, the reflectance
profile of vegetation in the SWIR band is very similar to skin. The reason the 1072-/1250-nm
filter combination performed better than the others with respect to vegetation is simply because
the ratio between skin and vegetation reflectance at these wavelengths is greater than similar
ratios for the 1072-/1550-nm and 1072-/1650-nm pairs. This can be seen in Fig. 6.

It is likely that shadows created a problem in some of the investigations because of the low
light levels associated with them. As the overall level of light being reflected back diminishes,
the absolute difference in reflectance measured between two different materials also reduces.
Even though the reflectance ratios may not actually change, as the absolute difference in reflec-
tance grows smaller, the ratio can become more difficult to measure and the effect of noise can
cause some of them to be misinterpreted. Again, the most likely reason why the 1072-/1250-nm
filter combination performed better in shadows is simply because the 1072-/1250-nm ratio dif-
ference is greater between skin and the other materials for this filter combination than it is at the
others. In addition, both of these wavelengths receive relatively high solar irradiance, making for
a more detectable signature. Considering the difficulties associated with shadows, one potential
avenue of improvement would be to apply shadow detection algorithms to the images and treat
shadows differently for skin detection. Several researchers have proposed different methods of
identifying shadows in images.!*?0*

Another aspect to consider when evaluating skin reflectance is the variation of sampling
volume with wavelength. The different constituents of skin scatter and absorb differently at dif-
ferent wavelengths, thereby affecting light penetration depth. And considering the layered struc-
ture of skin, it is important to know how deep light is penetrating to understand the interactions
that are taking place. To engage the deeper layers, good penetration depth must be attained.
Meglinski and Matcher” and Doronin and Meglinski’® have discussed modeling the sampling
volume for blood oxygenation measurements. In their cases, it is important for light to reach the
deeper layers of skin where the vascularity resides and to understand which vascular bed is
responsible for detected signals. Bashkatov et al.”” measured the absorption and reduced scatter-
ing coefficients of human skin in the wavelength range of 400 to 2000 nm and estimated the
penetration depth as a function of wavelength. Their results indicate that the absorption and
reduced scattering coefficients of human skin are low in the range of the target wavelengths
chosen herein (1072 and 1250 nm), and the estimated depth of penetration is high. They deter-
mined the highest penetration depth to be in the vicinity of the 1072-nm wavelength and
1250 nm fell within the second highest peak. Penetration in these ranges is higher than in
the other wavelengths considered, as well anywhere in the visible range. This means that
light at these wavelengths more fully interrogates skin, which may partially explain why
this wavelength pair performed the best. Furthermore, Nasouri et al.”® modeled near-IR penetra-
tion in human skin and developed a better understanding of the relative dosage received in the
epidermis, dermis, and subcutaneous layers. They found that the spatial distribution of absorp-
tivity varied considerably between the layers at different wavelengths. For example, at 1150 nm,

Journal of Applied Remote Sensing 046026-19 Oct-Dec 2016 « Vol. 10(4)

Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 12/15/2016 Terms of Use: http://spiedigitallibrary.or g/ss/ter msofuse.aspx



Langston: Reflectance-based skin detection in the short wave infrared band and its application to video

the epidermis and dermis contributed lower absorption, allowing the light to travel deeper, while
at 1550 nm, the dermis absorbed a much larger relative percentage.

Although there were no problems with the skin model results for the goals of this effort, there
may be additional ways to improve its output reflectance accuracy. This would in turn provide
better indication of the ratios to look for to identify skin. The model currently assumes that all
light falls normal to skin. However, in reality, this is seldom correct. This assumption is most
important for the Fresnel reflection at the skin/air interface. Also, the skin/air interface was the
only one that considered the index of refraction differences between adjacent layers. Although
the differences in indices of refraction are less significant between the other layers of the skin,
taking this into account could improve accuracy to some degree. Furthermore, skin model per-
formance could be improved by combining experimental measurements with the modeling
effort, similar to the work of Petrov et al.”® who correlated experimentally measured spectra
to Monte Carlo simulations. They measured transmission in the near-IR range for different
parts of the human arm, ranging from the fingertip to the forearm, and compared them to
their simulation. They were then able to present human skin in a particular color space,
which was analyzed by Monte Carlo simulation in the context of human tissue functional proper-
ties, providing a potential tool for analysis of skin’s physiological condition.

To contend with the false positives associated with one of the poorer performing filter com-
binations (1072/1550), a three-filter approach was evaluated. In this approach, an active effort
was taken to identify the problematic materials for this wavelength pair (primarily vegetation)
and subtract them from the skin truth image. This approach showed significant improvement
over using two filters for this wavelength set. However, the drawback to this approach is the
obvious one: complexity. A three-filter system is more complicated and costly than a two-filter
one. And the best two-filter combination (1072/1250 nm) provided similar performance with
respect to detection and false positive rejection.

The best two-filter combination (1072/1250 nm) was applied to video. Two different video
configurations were constructed and tested; dual and single cameras. For the dual-camera con-
figuration, each camera was fitted with a different optical bandpass filter and then timewise
images from both cameras were processed together. Three different single-camera configurations
were conceived, utilizing optical components such as bandpass filters, LC cells, and polarizers,
which varied in complexity, performance, and cost. All of the options are based on multiplexing
the camera frames, with alternating frames being captured with different filters. The lowest cost
single-camera system was constructed to demonstrate the concept, even though it was also
expected to provide the poorest performance.

Skin was adequately detected with both the dual- and single-camera configurations.
However, the single-camera system did not perform as well. This is likely due to the complexity
and light loss associated with the many optical components needed. This would be expected to
improve with the more expensive of the single-camera configuration options proposed, which
had custom parts to reduce the scattering, light loss, and complexity. Another shortcoming of the
single-camera system constructed was that its performance was degraded with fast movement of
the subject. This indicates that the frame rate was likely too slow, allowing the subject to move
too much between frames. None the less, the concept was demonstrated and several avenues
exist for future improvement.

8 Conclusion

In this effort, skin reflectance was modeled to identify unique skin features for detection, two-
and three-filter skin detection methods were evaluated in still images, and the concept was
applied to video using dual- and single-camera systems. Candidate wavelength bands were
selected by targeting sets that represented significant differences between the modeled reflec-
tance profiles of skin and reflectance data for various natural and synthetic materials. A three-
filter approach was found to perform best with still images because it was not only used to
identify skin, but it also allowed for the secondary detection and subtraction of one of the pri-
mary false positives in the SWIR band: vegetation. However, even with just two filters, the
1072-/1250-nm combination was also found to perform well.
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In addition to its simplicity, the 1072-/1250-nm set is also the most appropriate for appli-
cation to video for several reasons. The ratio of these two wavelengths for skin differs signifi-
cantly from the same ratio of the potential false positive materials considered. The overall level
of illumination is also important for video applications and these two wavelengths both offer
high solar irradiance and the highest reflectances of the unique skin features identified in the
SWIR band. This becomes beneficial for detection when ambient illumination levels are low.
These two wavelengths also penetrate relatively deeply into skin, allowing for more complete
interrogation of all of the layers. And finally, although a large difference between reflectance
magnitudes is often desired for still image skin detection, this is not necessarily the case for video
application because it causes the need for large differences in camera gain between the two
different filters. In this regard, the smaller difference in reflectance levels between the 1072-
and 1250-nm wavelengths was beneficial. Both wavelengths provide a strong signal that can
be processed without significant gain changes, while providing an index that differs from
other potentially confusing materials. The 1072-/1250-nm wavelength set was successfully
demonstrated in video skin detection for both single- and dual-camera systems. The single-cam-
era approach offers advantages, such as the need for only one sensor, easily matched sensor gains
for both wavelengths, image coregistration, and the ability to zoom. The dual-sensor approach
offers lower light loss (fewer optical components in front of sensor) and a potentially higher
video frame rate.
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