
Chapter 16
Multispectral Face Imaging and Analysis

Andreas Koschan, Yi Yao, Hong Chang, and Mongi Abidi

16.1 Introduction

This chapter addresses the advantages of using multispectral narrow-band images
for face recognition, as opposed to conventional broad-band images obtained by
color or monochrome cameras (see also the chapter for a discussion of color in
face analysis). Narrow-band images are by definition taken over a very small range
of wavelengths, while broad-band images average the information obtained over a
wide range of wavelengths. There are two primary reasons for employing multi-
spectral imaging for face recognition.

First, we believe that there is distinctive facial information contained in certain
narrow spectral bands which can be acknowledged and employed to enhance face
recognition performance in comparison to broad-band color or black and white im-
ages. Broad-band imaging has the potential to degrade this information that is em-
bedded in the narrow-band image due to the integration process over a wide range
of wavelengths during the formation of the image.

Second, multispectral images can separate the illumination information from the
reflectance of objects, so that we can use this illumination information to normalize
the images. In contrast, it is nearly impossible to separate and employ the illumina-
tion distribution information from broad-band images. To verify the effectiveness of
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multispectral images for improving face recognition, two sequential procedures are
taken into account: first, multispectral face image acquisition and second, spectral
band selection.

To reduce information redundancy among multispectral images, complexity-
guided distance-based band selection is introduced which uses a model selection
criterion for an automatic selection. This selection can simplify the imaging process
by reducing the number of multispectral images to be taken under a given illumi-
nation. In other words, the goal is to identify a small set of optimal multispectral
bands to be taken under a given illumination as opposed to acquiring a large set of
multispectral bands over the entire visible spectrum.

The performance of selected bands outperforms the conventional images by
up to 15%. From the significant performance improvement via complexity-guided
distance-based band selection, we conclude that specific facial information carried
in certain narrow-band spectral images can enhance face recognition performance
compared to broad-band images. In addition, the algorithm is equally useful and
successful in a wide variety of recognition schemes.

16.2 Multispectral Imaging

Multispectral imaging is a technique that provides images of a scene at multiple
wavelengths and can generate precise optical spectra at every pixel. A multispectral
image is a collection of several monochrome images of the same scene, each of them
taken with additional receptors sensitive to other frequencies of the visible light,
or to frequencies beyond visible light, like the infrared region of electromagnetic
continuum. Each image is referred to as a band or a channel. Multispectral imaging
produces a three-dimensional image cube with two spatial dimensions (horizontal
and vertical) and one spectral dimension. The spectral dimension contains spectral
information for each pixel on the multispectral cube. A multispectral image can be
represented as

C(x, y) = (
μ1(x, y),μ2(x, y), . . . ,μNB

(x, y)
)T

(μ1,μ2, . . . ,μNB
)T. (16.1)

The signal strength uk(x, y) of a camera sensor in a certain wavelength range, λmin
to λmax, can be represented as

uk(x, y) =
∫ λmax

λmin

R(x, y,λ)L(x, y,λ)Sk(x, y,λ) dλ, (16.2)

with k = 1, . . . ,NB , where NB = 1 for monochromatic images and NB = 3 for
three-channel color images. The parameters (x, y) indicate the pixel location in the
image. R(x, y,λ) is the spectral surface reflectance of the object, L(x, y,λ) is the
spectral distribution of the illumination, and Sk(x, y,λ) is the spectral sensitivity of
the camera corresponding to channel k. The entire possible integration wavelength
range can be in the visible spectrum, 400–720 nm, or in addition may include in-
frared spectrum depending on the camera design.
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While a monochrome image, NB = 1, has only one band, which is represented as
a gray-value image, a multispectral image consists of at least three bands, NB ≥ 3.
Thus, the image value of a pixel in a multispectral image is represented by vectors
with NB components, as opposed to scalar image values representing pixels in a
monochrome image. Although a color image with three bands constitutes in theory
the simplest form of a multispectral image, the term is more commonly used for
images with more than three bands. One example would be a four-band image using
the three RGB bands and an additional band beyond the visible spectrum, like in
the infrared (IR). Satellites usually take several images from frequency bands in the
visible and nonvisible range. No common agreement exists yet on the definition of
the term hyperspectral image. However, the term is commonly used for images with
more than a hundred bands, NB > 100. While multi in multispectral means many
spectral bands, the hyper in hyperspectral means over as in more than many and
refers to the large number of measured wavelength bands.

Multispectral imaging can enhance and expand the capability of detecting mate-
rials as well as the spatial distributions. For example, spin-offs from NASA’s multi-
and hyperspectral imaging remote sensing technology, developed for earth resources
monitoring, are techniques that combine and integrate spectral with spatial methods.
Such techniques are finding use, for example, in medicine, agriculture, manufactur-
ing, and forensics, to mention a few. Multispectral or hyperspectral sensors collect
the electromagnetic spectrum at dozens or hundreds of wavelength ranges in the
visible and near infrared spectra. Spectral resolution of a multispectral sensor is
higher and is defined as a measure of the narrowest spectral wavelength that can
be resolved by a sensor. Due to hardware limitations (most of the color cameras
are RGB cameras) all the spectral information is converted to RGB triplets during
image acquisition. It is a projection from an infinite-dimensional color space to a
three-dimensional space, or many-to-one projection, which results in colors with
different spectral distributions giving the same RGB response. Colors with the same
tristimulus data but with different power distributions are called metameric colors.

The compromise between tristimulus data collection and spectrographic infor-
mation is the employment of multiple (more than three) color filters with narrow
bandwidth mounted either between the lens and the sensor of the camera or in front
of the camera lens. The most common procedure is to place the filters in front of the
camera lens. Such an apparatus allows to obtain spatial information about the im-
aged scene at high spectral resolution. The collection and processing of 2D images
of the same scene under many spectral (often narrow band-pass) filters, particularly
in the visible range, is often referred to as multispectral imaging.

16.2.1 Multispectral Imaging Using Rotating Wheels

In recent years, modern spectral image capture systems tend to rely on combinations
of CCD cameras with various types of narrow or broad band filters. The images are
then processed using common high-capacity computers with software developed to
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Fig. 16.1 Multispectral
imaging systems. a Camera
with rotating wheel and
b camera with electronically
tunable filter in front of lens

properly treat the spectral data. Therefore, capturing multispectral images can be ac-
complished by swapping narrow band-pass glass filters in front of the camera lens.
It is common for such filters to be mounted in a filter wheel. Nowadays, color filters
with minimum bandwidth of approximately 10 nm are available off-the-shelf. Dif-
ferent filters and combinations were proposed for different applications. Figure 16.1
illustrates the principle of mounting a filter wheel in front of the camera lens.

Ohta et al. [33] used a film-based system for multispectral image capture. Their
system used a mechanical rotating filter wheel with eight gelatin filters to image
rigid objects. Only rays within a small wavelength band experience constructive in-
terference and pass through the interference filters. In such use, interference filters
offer a large aperture, large field of view, and good optical quality. Tominaga pro-
posed a camera system with six color filters [45], which had six spectral channels
of the color filters’ fixed wavelength bands.

Fixed-filter systems have intrinsic restrictions: (1) the selection of color filters
and the number of filters are limited; (2) filters with a narrow band-pass are difficult
to build; (3) moving parts are necessary to select the filters since it is a mechanical
system. Due to the latter restriction, time on the order of seconds can be required
to step filters in a preset sequence and vibrations of the imaging system may occur.
These systems are commonly employed for multispectral imaging of rigid objects
where image acquisition time can be long.

16.2.2 Multispectral Imaging Using Electronically Tunable Filters

A faster and more flexible way of multispectral imaging involves electronically tun-
able filters (ETFs). A tunable filter is a device whose spectral transmission can be
electronically controlled through the application of voltage or acoustic signals. In
addition, the large aperture and imaging capability of these devices represent a dis-
tinct advantage over conventional dispersive spectral analysis techniques. Unlike
conventional filter wheels, there are no moving parts and no discontinuity in the
spectral transmission range, thus providing finer spectral sampling, and rapid and
random switching between color bands. Also, ETFs are light weight, making them
attractive for airborne or remote sensor platforms.

Electronically tunable filters offer the fastest, most accurate and flexible color fil-
tering techniques that are currently available. The majority of ETFs can be classified
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under three operational categories: (1) Acousto-Optical Filters based on diffraction,
(2) Fabry–Perot Filters based on optical interference, and (3) Liquid Crystal Filters
based on birefringence. Although each of the three types of ETFs is based on dif-
ferent principles of optics, each of them is successful in selecting individual band
pass over a continuum of spectral ranges with high speed and accuracy. Figure 16.1
shows two different designs of multispectral imaging systems: (a) a camera with a
rotating wheel and (b) a camera with an electronically tunable filter in front of the
lens.

The operation of the Acousto-Optic tunable filter (AOTF) is based on the in-
teraction of electromagnetic and acoustic waves. The main module of an AOTF is
an optically transparent crystal that possesses a certain combination of optical and
acoustic properties. While the incoming light falls on the crystal, a radio-frequency
acoustic wave is sent to the crystal simultaneously. It is used in creating a refrac-
tive index wave within the crystal. The incident beam when passing through the
refractive index wave breaks into its component wavelengths. In the end, a single
wavelength of light is selected for transmission. Proper design makes one of these
wavelengths much more prominent and that becomes the output color of the fil-
ter. The wavelength of the filtered light is selected by changing the frequency of
the acoustic wave. AOTFs are lightweight and very fast spectral filtering devices.
One disadvantage of such devices is the requirement that the incident light be colli-
mated [16].

Another category of electronically tunable filters applies the principle of optic
interference. A Fabry–Perot cavity is the basic component consisting of two par-
allel planar surfaces, whose inner face is coated with partially transparent films
of high reflectivity, enclosing a rectangular volume of air or some dielectric ma-
terial. Light enters through one of the partially transparent mirrors and is multiply
reflected within the cavity. The multiply transmitted rays interact with each other,
creating optical interference effects, which result in the transmission, through the
opposite semitransparent mirror, of only one particular wavelength and its harmon-
ics. To block the unwanted harmonics, often two cavities in a row are employed,
constituting a dual tunable Fabry–Perot (DTFP) device [39]. Electro-optic Fabry–
Perot (EOFP) devices adjust the bandpass spectrum by varying the refractive index
of the cavity through the application of electric potential. Recently, liquid crystals
(LCFP) are employed as cavity medium. On average, single-cavity ETFs can select
the output wavelength out of an input range that is no larger than 100 nm wide.
Thus, a cascade of Fabry–Perot cavities is needed in order to have an EOFP that can
analyze the entire visible spectrum. Such designs are more costly and have a lower
transmission rate (20–50% instead of 90% for a single cavity [39]).

Recently, the Applied Spectral Imaging SpectraCube has been introduced, which
is an interferometry-based portable digital camera. This camera is based on the idea
that if interference of the color signal is created and measured, the spectrum of
the original signal can be recovered applying the inverse Fourier transform. With
this device, a full 2D array of spectra is captured at once and, unlike filter-based
systems, a single exposure is acquired. The spectral resolution of this device can
be set higher than most filter-based systems (e.g., about 4 nm), but it also comes
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Fig. 16.2 Principle design of
a Liquid Crystal Tunable
Filter element (after [14])

at a high expense. Moreover, the single-image acquisition time ranges from 30 to
150 seconds (depending on spatial and spectral resolution and aperture) [13].

The third and most commonly used category of filter devices is liquid crystal
tunable filters (LCTFs), which use electrically controlled liquid crystal elements to
select a specific visible wavelength of light for transmission through the filter at
the rejection of all others. A typical LCTF is built using a stack of polarizers and
tunable retardation (birefringent) liquid crystal plates (cp. Fig. 16.2). The LCTF is
polarization sensitive. Switching speed is limited by relaxation time of the crystal
and is of the order of ∼50 ms. Special devices can be designed for fast switching
(∼5 ms) through a short sequence of wavelengths. Spectral resolution, or band pass,
of the LCTF is typically of the order of several nm, although a narrower band pass
can also be constructed [14].

For a multispectral imaging system employing a LCTF, the camera response
uλk

corresponding to band k centered at wavelength λk within the range, λk,min

to λk,max, can be represented as (compare (16.2))

uλk
=

∫ λk,max

λk,min

Rλk
(λ)Lλk

(λ)Sλk
(λ)Tλk

(λ) dλ (16.3)

for k = 1,2, . . . ,NB where k indicates the kth spectral band, NB is the total number
of bands, and Tλk

is the spectral transmittance of the LCTF. (x, y) is omitted for
simplicity. Rλk

is the spectral surface reflectance of the object (here the face), Lλk

is the spectral distribution of the illumination, and Sλk
is the spectral sensitivity of

the camera corresponding to band k. the imaging process is illustrated in Fig. 16.3.
Nowadays, a considerable variety of Liquid Crystal Tunable Filters, Acousto-

Optic Tunable Filters, and Electro-Optic Fabry–Perot is available in the market.
Most of them have comparable performance characteristics. Table 16.1 lists typical
characteristics of ETFs (after [39]).

Spectroradiometers are a precise alternative to filter-based systems. After light
passes through the shutter, it is directed to a concave diffraction grating that breaks
up the signal into a photosensitive array and focuses the diffracted signal onto a
photosensitive array. These devices have a very high spectral resolution, precision,
and stability [13]. Nevertheless, one disadvantage of spectroradiometers is that they
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Fig. 16.3 The camera
response is the result of
integration of all the factors
involved, including the
spectral distribution of
illumination, reflectance of
the object, the transmittance
of the filter, and the spectral
response of the camera

Table 16.1 Typical tunable filter characteristics (after [39])

Attributes AOTF EOFP LCTF

Operating spectral range 200–5000 nm 400–1550 nm 400–1800 nm

Max width of tunable range 700 nm (vis + NIR) 100 nm 450 nm (vis + NIR)

3900 nm (MIR) 950 nm (MIR)

Min. output bandwidth 0.4 nm 0.05 nm 5 nm

Max. output bandwidth 50 nm 30 nm 10 nm

Mean error in central
wavelength

1 nm (varies with l) 1 nm (varies with l) 0.5 nm

Average transmission rate 98% 20–50% 20–50%

Transmission rate over
wavelength

constant increases with
wavelength

increases with
wavelength

Out of band transmission 0.05–0.1% 0.5–1% 0.01–0.05%

Tunability time ∼15–30 ms ∼40 ms (LCFP) ∼50 ms

∼4 ms (DTFP)

Incident light limitations requires collimated light none none

measure only single points. Therefore, it is nearly impossible to use them to capture
a full scene.

Multispectral imaging systems with electronically tunable filters have been used
by several research groups [17, 20, 21, 34, 35, 40, 45]. The Munsell Color Sci-
ence Laboratory initiated efforts with multispectral images using a LCTF over the
visible spectrum, especially for high resolution art portrait reconstruction [20, 21].
They also acquired the Lippmann2000 database [40] that contains spectral images
of several objects including faces from 4 Caucasians and 3 East-Asians. This data
was acquired by a film camera with approximately 15 to 25 second lapses between
exposures and 16 exposures for each person, under flash lighting.

Pan et al. [34, 35] acquired spectral images over the near infrared spectrum (700–
1000 nm) and demonstrated that spectral images of faces acquired in the near in-
frared range can be used to recognize individuals. Until now, not much research has
been done using multispectral imaging in the visible domain to address the problem
of face recognition, especially with respect to changes in illumination conditions.
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The multispectral databases mentioned above either have very few data records or
are not in the visible spectrum. In addition, these datasets were not compared with
conventional face images by recognition engines.

16.2.3 Multispectral Band Selection

When a large amount of multispectral data has to be analyzed, it is very de-
sirable to reduce the initial information without losing classification accuracy
to a significant degree. This reduction can be achieved by two methodologies:
feature extraction [4, 11, 12, 18, 23, 24, 29–31, 36, 41, 42, 44] or band selection
[6, 26–28, 38, 43, 46].

In feature extraction, a new and reduced data set representing the transformed
initial information is obtained, whereas in band selection a subset of relevant data
from the original bands is chosen. Compared to feature extraction, band-selection
methods identify a subset of the original spectral bands that contains most of the
characteristics. Selecting a subset of relevant bands from the original set allows the
process of image acquisition to be reduced to a certain number of bands instead of
dealing with the entire set of data and, therefore, simplifying image acquisition and
analysis.

Feature extraction transfers the data into a lower dimensional space. Features
are extracted from the original spectral bands to construct a lower-dimension fea-
ture space. Thereby the original data are transformed into the destination feature
space through projections such as Projection Pursuit (PP) [31], Principal Compo-
nent Analysis (PCA) [12], locally linear embedding [41], Isomap [44] and subspace
theory [18, 36, 42], wavelet transform [4, 23], and Independent Component Analysis
(ICA) [11, 30]. These projections preserve most desired information but change the
physical meaning of each spectral band. These methods rank the influence of each
single spectral band on the new lower dimensional space. Bands with the highest in-
fluence are considered to include more information and are therefore selected [1, 7].
It is nearly impossible to predict the best dimension required for dimension reduc-
tion without significant loss of information. In addition, the data is transformed and
no longer exists as original data. Some crucial and critical information may have
been compromised and distorted.

The goal of band selection is to minimize information loss from the information
preservation point of view. Mutual information is a good candidate for band selec-
tion as a measure of independence between random variables. For example, Sotoca
et al. [43] used conditional entropy as an approximation of mutual information to
measure the independent information carried by one band given a sub-band set. Peng
et al. [38] argued that maximizing the relevance between each individual band and
the class is equivalent to the maximum dependency criterion if one band is selected
at a time. Their method needs samples from inside the class, as well as outside of the
class, to evaluate the relevance of each individual band with the class. Thus, it is not
applicable if no samples outside the class are available. Basically, the method em-
ploys an unsupervised band selection criterion to obtain the relevant spectral bands
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from a set of sample images, while minimizing the dependent information between
spectral bands and maximizing the conditional entropies of the selected bands [43].

In general, the problem of subset selection using numerical techniques for model
selection requires two components: a search algorithm and an evaluation criterion.

First, an algorithm is needed for the efficient search of the solution space, such as
greedy and genetic algorithms. Exhaustive search [25] over the entire feature data
set and the branch-and-bound algorithm [5] has rarely been used in the analysis of
high-dimension data due to the computational costs even though they lead to an opti-
mal solution. Heuristic search methods such as hill climbing, backward elimination,
forward selection, and stepwise selection are commonly used.

Second, a criterion or measure is needed for the comparison and evaluation of
competing models to guide the search. The criterion can be based on human percep-
tion, which makes it hardware dependent, participant dependent, quite subjective,
and also time consuming. Other criteria mentioned in the literature include first or
second spectral derivatives [1]. Entropy is interpreted as a measure of stability of
each individual wavelength band. Low entropy values correspond to low uncertain-
ties and thus bands with small entropy are considered good feature bands. Bassett
and Shen [2] used entropy to measure the difference between different classes.

Commonly, researchers apply band selection with the consideration of classifi-
cation outputs. In [1], the issue of hyperspectral bands and method selection using
unsupervised and supervised methods driven by classification accuracy and compu-
tational cost is addressed. Their formulation is more general by optimizing over sev-
eral methods and the combinations of supervised and unsupervised methods eval-
uations. One goal of band selection is to identify a reflectance feature that remains
invariant when the viewing conditions change. Wang and Angelopoulou [47] pro-
pose a technique for extracting color information that is invariant to geometry and
incident illumination. They examine the rate of change in reflected intensity with
respect to wavelength over the visible part of the electromagnetic spectrum. For dif-
fuse surfaces the only factor that contributes to variations over the wavelength is the
albedo of the surface independent of the particular model of reflectance.

16.3 The IRIS-M3 Face Database

A multispectral and multi-illuminant face database was acquired at the IRIS Lab to
support research in multispectral image analysis for face recognition. The database
includes indoor and outdoor images taken under controlled and uncontrolled illu-
mination situations. During image acquisition a liquid crystal tunable filter in the
visible spectrum was used, which provided narrow band filters at different wave-
lengths between 400 nm and 720 nm. The multispectral face database has note-
worthy characteristics. It is the first database with registered images in the visible,
multispectral and thermal modalities, coupled with spectral distributions of the illu-
mination sources used during acquisition. Participants were imaged under various
illumination conditions such as halogen light, fluorescent light and day light. An-
other interesting feature is the large number of multispectral bands available in the
database with 25 bands per participant and a total of 82 participants.
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Fig. 16.4 a The all-inclusive multimodal and multispectral mobile imaging system, b lateral view
of the multimodal imaging system, and c the multispectral imaging components (from [10])

Fig. 16.5 Narrow-band
transmittances of the LCTF
from 400 nm to 720 nm with
10 nm increments

The multispectral imaging system shown in Fig. 16.4 is integrated on a transla-
tional platform to acquire well-aligned face images in a short period of time. This
allows the participants to maintain their expression and pose. The mobile imaging
system shown in Fig. 16.4(a) consists of a multispectral imaging module, a digi-
tal RGB camera, a near infrared camera, a spectrometer, a frame grabber and an
onboard computer. Figure 16.4(b) shows the lateral view of the multimodal imag-
ing system. The multispectral imaging components shown in Fig. 16.4(c), consist
of a Sony XC-75 monochrome camera and a VariSpec liquid crystal tunable filter,
which can electronically tune a narrow band filter centered at various wavelengths
in visible spectrum. The LCTF provides narrowband filters with a full width-at-
half-maximum bandwidth of 7 nm. A maximum of 331 narrow-band multispec-
tral images can be acquired by continuously tuning the LCTF. The aperture of the
LCTF is 35 mm and the field of view is ±7°. A wide angle lens is mounted on the
monochrome camera (Sony XC-75) and this is coupled with the LCTF through a
hardware interconnection. The camera auto-gain is set to 0 dB in order to acquire
raw data. The black current of the Sony XC-75 is measured by covering the lens
and reading the pixel values of black images. After averaging, the typical black cur-
rent is 4 to 5 values out of 256. The transmittance of the used LCTF is different at
different wavelengths as shown in Fig. 16.5.
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Fig. 16.6 Three illumination setups, a quadruple halogen lights with a pair on each side, b a pair
of fluorescent light panels, and c daylight with side illumination (from [10])

Three datasets were acquired with three different illumination scenarios: halo-
gen light, fluorescent light and daylight. The three illumination setups are shown in
Fig. 16.6. The quadruple halogen lights with a pair on each side of the participant
are shown in Fig. 16.6(a). The second illumination setup was a pair of fluorescent
light panels (fluorescent-1) shown in Fig. 16.6(b). We assume that the indoor il-
luminations, halogen light and fluorescent light, are homogeneously distributed on
the face and have stable spectral power when they are lit. The daylight face data
was acquired with side illumination due to the fact that many participants were un-
able to maintain pose or expression with bright sun light shining directly into their
eyes. We grouped the outdoor data acquisition into 8 different sessions according
to weather conditions and acquisition time. The weather conditions ranged from
sunny to cloudy and the passing clouds caused rapid changes in lighting conditions.
An outdoor data acquisition setup with side illumination is shown in Fig. 16.6(c).
For comparison an additional set of images was acquired with a Canon A80 under
another type of fluorescent light (fluorescent-2). The illuminations are characterized
during the database collection via the use of a light meter and a spectrometer. An



412 A. Koschan et al.

Fig. 16.7 Normalized spectral power distribution of a halogen light b fluorescent light, c day light,
and d another fluorescent light (from [10])

EasyView30 light meter was used to measure the illuminance and an Ocean Optics
USB2000 Spectrometer was used to measure the irradiance of the illuminant.

The spectral power distributions (SPDs) of four different illuminants used during
the data acquisition process are shown in Fig. 16.7. The SPD of halogen light (a) is
very smooth and the peak is at the orange part of the spectrum. The SPD of the
fluorescent light panel (b) is spiky at certain wavelengths. The day light depicted
in Fig. 16.7(c) tends to have more green and blue components in comparison to
the other two illuminants. A second fluorescent light was used during the image
acquisition process which has a different SPD than the first fluorescent light (see
Fig. 16.7(d)).

There are a total of 82 participants of different ethnic groups, ages, facial hair
characteristics, and genders in the database with 2624 face images. The correspond-
ing illumination information for each image is recorded using the spectrometer. The
image resolution is 640 by 480 pixels and the eye-to-eye distance is about 120 pix-
els. The database was collected in 11 sessions between August 2005 and May 2006
with some participants being photographed multiple times. Figure 16.8 shows sam-
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Fig. 16.8 Sample images in a data record in the IRIS-M3 database; a side illumination under
daylight, b band 640 nm multispectral image under daylight, c band 720 nm spectral image under
daylight, d under indoor halogen light, e band 640 nm spectral image under indoor halogen light,
f band 720 nm spectral image under indoor halogen light, g under fluorescent with slightly facing
her left, h under fluorescent with glasses, and i under another fluorescent light (from [10])

ples from one data record in the IRIS-M3 database with variations in lighting con-
ditions and elapsed time. The database contains 76% males and 24% females; the
ethnic diversity was defined as a collection of 57% Caucasian, 23% Asian (Chinese,
Japanese, Korean and similar ethnicity), 12% Asian Indian, and 8% of African De-
scent. Figure 16.9 illustrates by example the demographics of the database including
different ethnicities, age groups, facial hair characteristics, and genders.

16.4 Complexity-Guided Distance-Based Band Selection

In this section, a complexity-guided distance-based band selection method is in-
troduced as a key step in multispectral image processing aimed at improved face
recognition. Let the total number of multispectral bands be NB and λk denotes
the central wavelength of the kth band. The complete set of multispectral bands
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Fig. 16.9 Examples of 6 subjects, a male Asian under fluorescent light, b female Caucasian under
fluorescent light, c male Caucasian under fluorescent light, d female of African Descent under fluo-
rescent light, e male Asian Indian under daylight, f female Asian under daylight, g male Caucasian
under daylight and h female of African Descent under daylight (from [10])

is B = {λk | k = 1, . . . ,NB}. The proposed method automatically searches for an
optimal subset Bopt ⊆ B such that the fused images from Bopt can outperform
conventional broad-band images. To achieve such a goal, the proposed method ex-
plores a divergence based distance measure and defines a new redundancy measure
to quantitatively describe the correlation among multiple spectral bands. The prob-
abilistic distance measure insures that the selected subset is sufficient for improving
recognition rate whereas the redundancy measure insures that the subset is necessary
with a minimum number of selected bands.

First, let us define the genuine and imposter sets of each spectral band. In multi-
spectral face recognition, a gallery consists of a set of samples {g1, . . . , gN }, where
N is the total number of subjects in the gallery. When a probe image pk

j collected
at the kth spectral band is presented to a system, it is compared with all the samples
in the gallery. The comparison between a probe pk

j and each gallery sample gi pro-

duces a similarity score Sk
ij . These similarity scores can be divided into two groups
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for each spectral band, referred to as the genuine Gk and imposter Ik sets. The
genuine and imposter sets are defined as: Gk = {Sk

ij | i = j} and Ik = {Sk
ij | i �= j},

respectively. In other words, the genuine set contains the similarity scores with probe
and gallery images from the same subject whereas the imposter set consists of sim-
ilarity scores with the probe and gallery images from different subjects.

Given the genuine and imposter sets of the multiple spectral bands, we first es-
timate the distributions or equivalently the probability density functions (PDFs) of
their respective similarity scores, p̂G,k(x) and p̂I,k(x), and then compute the dis-
tance between these two PDFs producing a distance measure Qk for each spectral
band. In the algorithm proposed in [8, 9], the Nopt spectral bands with the highest
Qk values are selected. Two drawbacks are observed. Firstly, the number of bands
Nopt is user specified, which cannot be optimized automatically. Secondly, bands
with the highest Nopt distance measures are selected disregarding the latent redun-
dancy among these bands. In this chapter, we investigate appropriate approaches
to select a subset with minimum redundancy and to automatically determine the
optimal number of sub-bands.

In [8, 9], it has been demonstrated that an important criterion of selecting the ap-
propriate spectral bands is the separation between the similarity scores of the gen-
uine and imposter set. Therefore, we obtain a set of ordered sub-bands according
to the distance measure: B = {λki

| i = 1, . . . ,NB} with Qki
≥ Qki+1 , which means

that the first and last sub-bands in B have the highest and lowest distance measures,
respectively. We start with the spectral band that yields the highest distance mea-
sure λk1 : B1 = {λk1}. The questions are how to select the next band that brings in
the most information and when to stop the selection process. These two questions
correspond to the problems of selecting the optimal subset and deriving the opti-
mal number of sub-bands. To answer these two questions, we define a quantitative
measure that describes the redundancy among bands.

At the mth iteration and given the current selected subset Bm, we obtain the set of
candidate sub-bands: B = B − Bm. According to the order of the sub-bands in B,
we add one sub-band λki

into Bm: Bm,ki
= Bm ∪{λki

} and evaluate the redundancy
measure of the augmented set: R(Bm,ki

). We increase i if the redundancy measure
decreases and stop if the redundancy measure begins to increase or all the candidate
sub-bands in B have been examined. If R(Bm,ki

) < R(Bm), the newly elected band
λki

is added to Bm forming a new band set Bm+1 = Bm,ki
and the process iterates.

Otherwise, output the current Bopt = Bm as the optimal subset. Algorithm 16.1
describes the detailed steps of the proposed band selection algorithm.

In the election process at each iteration, we start from the sub-band with the high-
est distance measure in the candidate set and search for the appropriate sub-band
according to the descending order of the distance measure. The search is stopped
once the redundancy measure of the augmented set begins to increase. In so doing,
we are able to locate the sub-band that produces a relatively high distance measure
and a relatively low redundancy measure simultaneously.

In the following sections, we will describe the major steps in the proposed algo-
rithm, namely PDF estimation, distance measure computation, and the definition of
the redundancy measure.
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Algorithm 16.1: Multispectral band selection

Input: Gk , Ik

Compute PDFs of the genuine and imposter sets, p̂G,k(x) and p̂I,k(x)

Compute the probabilistic distance measure Qk between p̂G,k(x) and
p̂I,k(x)

Obtain B = {λki
| i = 1, . . . ,NB} with Qki

≥ Qki+1

Initialize R(�) = ∞, Bo = �, B1 = {λk1}, and m = 1
while R(Bm) < R(Bm−1) do

Initialize i = 2
Obtain B = B − Bm

Obtain Bm,k1 = Bm ∪ {λk1} and Bm,k2 = Bm ∪ {λk2} with λk1, λk2 ∈ B
Compute R(Bm,k1) and R(Bm,k2)

while R(Bm,ki
) < R(Bm,ki−1) do

Obtain Bm,ki+1 = Bm ∪ {λki+1} with λki+1 ∈ B
Compute R(Bm,ki+1)

Increase i by one
end while
Add λki−1 to Bm: Bm+1 = Bm ∪ {λki−1}
Increase m by one

end while
Output: Bopt = Bm−1

16.4.1 Kernel Density Estimation

Kernel density estimation (KDE) is used to obtain the probability density function
because the underlying density can be estimated without assuming a particular form
or structure [37]. Formally, kernel estimators smooth out the contribution of each
observed data point over a local neighborhood of that data point. Letting K() denote
the Kernel function and h its smoothing parameter/bandwidth, the estimated density
at any point x is given by [48]:

p̂(x) = 1

Nh

N∑

i=1

K

(
x − xi

h

)
. (16.4)

Recall that N is the total number of subjects in the gallery and that Sk
ij denotes

the similarity score between the gallery sample of the ith subject and the probe of
the j th subject collected from the kth spectral band. From the similarity scores of
various subjects, the distributions of the genuine and imposter sets, p̂G,k(x) and
p̂I,k(x), are estimated using KDE:

p̂G,k(x) = 1

NhG,k

N∑

i=1

K

(
x − Sk

ii

hG,k

)
, (16.5)
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p̂I,k(x) = 1

N(N − 1)hI,k

N∑

i=1

N∑

j=1,j �=i

K

(
x − Sk

ij

hI,k

)
. (16.6)

The bandwidth parameter controls the smoothness of the density estimation and
determines the trade-off between the bias and variance. Often h is chosen as to
minimize the Asymptotic Mean Integrated Square Error (AMISE) [32]:

hAMISE =
[

ρ(K)

Nμ(K)2σ(p′)

]1/3

(16.7)

where ρ(K) = 2
∫ ∞
−∞ xK(x)KI (x) dx, μ(K) = ∫ ∞

−∞ x2K(x)dx, and σ(p′) =∫ ∞
−∞ p′(x)2 dx with KI (x) = ∫ x

−∞ K(x)dx.

16.4.2 Probabilistic Distance Measure

Probabilistic distance measures are used here to measure the similarity between
the genuine and imposter sets. Probabilistic distance measures have been used in
many research areas such as probability and statistics, pattern recognition, infor-
mation theory, communication, and so on. Here, the symmetric Kullback–Leibler
divergence, referred to as the Jeffrey divergence, [22], is used:

Qk =
∫ [

p̂G,k(x) − p̂I,k(x)
]

log
p̂G,k(x)

p̂I,k(x)
dx. (16.8)

16.4.3 Redundancy Measure

The redundancy measure is derived in the framework of multivariate model selection
with penalty on correlation between sub-bands. The core process is a multivariate
kernel estimation on the similarity scores of the genuine sets and the evaluation of
redundancy based on information complexity.

In the previous section, the PDFs, p̂G,k(x) and p̂I,k(x), of the kth sub-band are
estimated independently of other sub-bands. To incorporate the correlation between
sub-bands, we employ multivariate KDE. Given the set Bm, the dimension of the
multivariate KDE is the number of sub-bands under consideration, Nk = |Bm|. Let
s denote the multivariate vector and si represent the ith data point where si = [Sk

ii]
with λk ∈ Bm. The multivariate KDE is given by:

p̂(x) = 1

N(2π)Nk/2
|H |−1/2

N∑

i=1

K
[
(x − si )H

−1(x − si )
]
. (16.9)
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If the sub-bands in Bm are independent, the multivariate KDE reduces to:

p̂(x) = 1

N

N∑

i=1

[
Nk∏

k=1

1

hk

K

(
xk − Sk

ii

hk

)]

. (16.10)

To evaluate whether the above independent assumption fits the data, we borrow the
information complexity (ICOMP) criterion proposed by Bozdogan [3]. The ICOMP
criterion is chosen since it has the following advantages. Firstly, it allows the mea-
surement of dependency between the random variables. Secondly, it establishes and
provides a trade-off between the fit and the interaction between the parameter esti-
mates and the residuals of a model via the measure of complexity of their respective
covariances. The redundancy measure based on the ICOMP is given by:

R(Bm) = −2 logL(s1, . . . , sN | hk) + 2C1F

(
Σ̂

)
, (16.11)

where Σ̂ denotes the estimated covariance matrix. The first term in the above equa-
tion evaluates the fitting error whereas the second term considers the complexity of
the estimated covariance matrix, which indicates the correlation among variables.
The fitting error term is given by:

−2 logL(s1, . . . , sN | hk) =
N∑

i=1

log p̂−i (si ), (16.12)

where p̂−i (x) is the leave-one-out estimator:

p̂−i (x) = 1

N − 1

N∑

j=1,j �=i

[
Nk∏

k=1

1

hk

K

(
xk − Sk

jj

hk

)]

. (16.13)

The C1F (Σ̂) is the second order equivalent measure of the complexity of the C1
measure:

C1F

(
Σ̂

) = s

4

C1(Σ̂)

(tr(Σ̂)/s)2
, (16.14)

where the information complexity C1 is defined as:

C1
(
Σ̂

) = s

2
log

[
tr(Σ̂)

s

]
− 1

2
log

∣∣Σ̂
∣∣ (16.15)

and s = rank(Σ̂). The estimated covariance matrix is computed by:

Σ̂ = F̂−1R̂F̂−1, (16.16)

where F̂−1 is the inverse Fisher information estimation and R̂ is the estimated outer-
product form of the Fisher information.
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16.5 Experimental Results

In order to demonstrate the effectiveness of the band selection algorithm, six sets
of experiments are designed, including simulated and real data. The experimental
results demonstrate that face recognition rate can be substantially improved over that
of the conventional broad-band images for both indoor and outdoor environments.
In addition, a simplified multispectral face imaging system can be engineered with
reduced acquisition and processing time.

16.5.1 Simulated Data

In this section, the performance of the proposed band selection algorithms is studied
via simulated data. Simulated data sets are deliberately included for experimenta-
tion with controlled parameters, where one can quantitatively compare the results
with the known groundtruth values. As mentioned previously, the input parameters
to the proposed algorithm are sets of genuine Gk and imposter Ik similarity scores.
To achieve a close resemblance to the real data, similarity scores are computed by
the Identix’s FaceIt [19] recognition engine based on the IRIS-M3 face database
and their distributions are studied, which leads to the following main observations.
(1) The distributions of the similarity scores of the imposter sets collected at dif-
ferent spectral locations share a similar distribution, which can be modeled as a
Gaussian with zero mean and unit variance. (2) The distributions of the similarity
scores of genuine sets resemble a Gaussian with comparable variances but differ-
ent means. (3) The correlation between two sub-bands decreases with respect to the
increase in the spectral distance between the sub-bands.

Based on these observations, the simulated data is designed as follows. The cen-
ter wavelength of simulated sub-spectral bands are distributed uniformly in a spec-
tral range of 480 nm to 720 nm with a 10 nm increment. The similarity scores of the
imposter sets for all sub-bands are drawn from a Gaussian with zero mean and unit
variance. In a Matlab implementation, this is done by calling the function randn()
with default settings. Considering the correlation of the genuine similarity scores
among sub-bands, the scores are drawn from a multivariate Gaussian. Its mean and
covariance values determine the system’s behavior and are the controlled parame-
ters in the simulated experiments. The specific mean and covariance values used in
the experiments will be given in the discussions regarding the experimental results.
Once the mean and covariance values are designed, 500 samples are drawn from
the multivariate Gaussian for each set. In a Matlab implementation, this is done by
calling the function mvnrnd() with given mean and covariance.

The mean and covariance values of the simulated data for the first experiment
are shown in Fig. 16.10(a). The data is designed such that the optimal number of
bands is three and they are 720 nm, 630 nm, and 550 nm, depicted as the local
peaks in Fig. 16.10(a). Multiple peaks are deliberately introduced in the design of
this experiment to test the ability of the proposed algorithm in picking up the correct
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Fig. 16.10 a The mean and
covariance of the simulated
data. The correlation values
are shown for bands 480 nm,
580 nm, and 680 nm. The
correlation with a given band
decreases linearly as the
wavelength of the sub-band
moves away from the center
wavelength of the given band.
b Normalized distance
measure values for 25 bands
with three local peaks.
c Redundancy measures for
different number of bands
with three bands having the
minimal value

number of optimal bands. In addition, the correlation of these data sets is designed
such that these peaks are uncorrelated, resulting in an optimal number of sub-bands
of three. The computed distance values are shown in Fig. 16.10(b), where we ob-
serve three peaks, which agrees with the actual optimal bands. This verifies the
ability of the proposed algorithm in correctly locating the potential optimal bands.
Figure 16.10(c) shows the redundancy measure with a minimum value at three, sug-
gesting that the three peaks are sufficient to represent the remaining sub-bands. This
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agrees with the structure of the simulated data and verifies the ability of the pro-
posed algorithm in not only locating the optimal bands but also selecting the correct
number of bands to form a sufficient and necessary subset.

Although, by design, bands 710 nm and 700 nm produce higher distance mea-
sures, they are highly correlated with band 720 nm. Therefore, they are excluded
from the optimal subset selected via the newly proposed redundancy measure. In
comparison, the band ranking algorithm described in [8, 9] selects 700 nm, 710 nm,
and 720 nm if Nopt = 3 is given. The more informative bands 550 nm and 630 nm are
not selected. The proposed algorithm selects the optimal bands and decides the num-
ber of bands with consideration of both distance values and the correlation among
the bands.

In the second experiment, the correlation among spectral bands is increased,
as shown in Fig. 16.11(a). With the increased correlation, we expect to see a de-
creased number of selected sub-bands. Figure 16.11(b) shows the distance measure
values from these 25 bands, and the corresponding redundancy measure is given
in Fig. 16.11(c). Disregarding the four peaks illustrated in Fig. 16.11(b), only two
sub-bands 710 nm and 530 nm are selected primarily because of the increased cor-
relation among sub-bands.

The experimental results based on simulated data clearly illustrate the power of
the proposed selection process. Instead of simply ranking multiple spectral bands
according to their probabilistic distance measure, the proposed algorithm can adap-
tively and automatically select the most representative and informative bands ac-
cording to the recognition capacity of the bands and their correlations.

16.5.2 Real Data

That selecting the optimal spectral bands from a series of multispectral images un-
der given illuminations improves face recognition performance can be shown in the
following experiments with real data. Four experiments are designed to investigate
the recognition performances of fused images from the selected band/bands in com-
parison with conventional broad-band images. In real world situations, face images
are frequently acquired under different lighting conditions and compared with the
database images. It is reasonable and important to study the situation that the illu-
minations for gallery and probe images are different. The IRIS-M3 face database is
used because it contains gallery and probe images collected under various illumina-
tions. According to the available lighting sources in the IRIS-M3 face database, the
following four sets of experiments were conducted with the gallery and probe sets
collected from different illuminations. Table 16.2 lists the experimental conditions.

In these experiments, similarity scores are obtained via Identix’s FaceIt [19],
a well-known recognition engine. Jeffrey divergence values are normalized between
0 and 1 for clear illustration. If more than two bands are selected, for example, Haar
wavelet-based pixel-level fusion [15], can be applied for the fusion of images from
the selected sub-bands. Given the registered narrow-band images from the selected
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Fig. 16.11 a The mean and
covariance of the simulated
data. The correlation values
are shown for bands 480 nm,
580 nm, and 680 nm. Spectral
bands are highly correlated.
b Normalized distance
measure values for 25 bands
with four local peaks.
c Redundancy measures for
different number of bands
with two bands having the
minimal value

spectral range, two-dimensional discrete wavelet decomposition is performed on
each image to obtain the wavelet approximation coefficients and detail coefficients.
The coefficients in inverse wavelet transform for fused image are obtained by choos-
ing the maximum among each type of coefficients. The two-dimensional discrete
wavelet inverse transform is then performed to construct the fused image.

In addition to the rank-one recognition rate, a numerical measure is used to eval-
uate the recognition performance. To enable quantitative comparison of the over-
all performances at different ranks, a mapping operation projecting the multi-index
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Table 16.2 Experimental conditions including the description of the gallery lighting, probe light-
ing, spectral range, and the number of sub-bands

Gallery Probe

Illumination Spectral range Increment Num. of bands

Experiment 1 Fluorescent Halogen 480 nm–720 nm 10 nm 25

Experiment 2 Day light Halogen 480 nm–720 nm 10 nm 25

Experiment 3 Fluorescent Day light 480 nm–720 nm 20 nm 13

Experiment 4 Halogen Day light 480 nm–720 nm 20 nm 13

CMC curve to a single number, CMCM, is defined as:

CMCM =
N∑

r=1

Cr

rN
, (16.17)

where r represents the rank number, and Cr denotes the number of probe images
that can be correctly identified at and below rank r . Recall that N denotes the total
number of subjects in the gallery. The factor 1/r can be viewed as a weight, which
decreases monotonously as r increases. As a result, the rank-one recognition rate is
dominant and contributes the most to the value of CMCM. A better face recognition
performance is indicated by a higher CMCM value, which varies between 0 and 1.

In Fig. 16.12, the normalized probability distance is given whereas the redun-
dancy measure via ICOMP calculation of each possible number of selected bands
is given in Fig. 16.13. For all experiments, the proposed algorithm selected one
band. The selected bands are 610 nm, 610 nm, 720 nm, and 720 nm for the four
experiments, respectively. The reason why only one band is selected lies in the fact
that the correlation among all the bands is relatively high. To validate the selection
results, face recognition performances including the rank-one recognition rate and
CMCM values of the selected bands are tested and given in Table 16.3 in com-
parison with those of the conventional broad-band images. The images from a sin-
gle selected band outperform the conventional broad-band monochromatic images.
Taking Experiment 1 as an example, the recognition performance is improved by
relatively 9.7%((97.14 − 88.56)/88.56 × 100% = 9.7%) of rank-one rate and by
4.5%((98.57 − 94.28)/94.28 × 100% = 4.5%) of the CMCM value.

Table 16.3 also lists the performance comparison between the proposed algo-
rithm and the reference algorithm developed in [8, 9]. For Experiment 2 and 4,
the images from a single band selected by the proposed algorithm outperform the
fused images from three selected bands via the reference algorithm. For the other
two experiments (Experiment 1 and 3), their performances are comparable. Note
that image fusion helps to reduce image noise, which may also lead to improved
recognition performance. This explains the observed comparable performance in
Experiments 1 and 3. Therefore, we could conclude that the proposed algorithm is
capable of identifying the most concise subset with the most informative spectral
bands.
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Fig. 16.12 Normalized
distance measures for
multiple spectral bands:
a Experiment 1,
b Experiment 2,
c Experiment 3, and
d Experiment 4
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Fig. 16.13 Redundancy
measure for different number
of selected sub-bands:
a Experiment 1,
b Experiment 2,
c Experiment 3, and
d Experiment 4
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Table 16.3 Rank-one and CMCM recognition rates of the monochromatic conventional broad-
band image, the fused narrow-band images via the reference algorithm [8, 9], and the selected
narrow-band images via the proposed algorithm

The proposed
algorithm

Broad-band Improvement Reference [8, 9] Improvement

Experiment 1

Rank-one 97.14 88.56 9.7 97.14 0.0

CMCM 98.57 94.28 4.5 98.57 0.0

Experiment 2

Rank-one 65.17 57.15 15.0 62.86 3.7

CMCM 74.06 70.20 5.5 72.11 2.7

Experiment 3

Rank-one 97.14 94.28 3.0 97.14 0.0

CMCM 97.57 95.36 3.4 98.57 −1.0

Experiment 4

Rank-one 54.29 48.57 11.8 48.57 11.8

CMCM 64.79 57.28 13.1 60.84 6.5

16.6 Conclusions

In this chapter, the fundamentals of multispectral imaging and its applications to
face recognition were introduced. Variation in illumination dramatically degrades
face recognition performance. Narrow-band sub-spectral images were used instead
of conventional broad-band images to improve recognition performance. A spectral
band selection algorithm was developed to choose the optimal band images under
given illumination conditions. From the experiments, the spectral bands of 610 nm
and 720 nm are the optimal choice for probes under indoor halogen light and vary-
ing daylight, respectively. The selected optimal spectral bands are consistent with
those specified by physics analysis with known system configuration and illumina-
tion characteristics and result in a 3%–15% improvement in face recognition rate
in comparison with that of conventional broad-band images. In addition, the opti-
mal set ensures a minimum amount of acquisition and processing time for fast face
recognition by selecting the most informative and independent sub-bands.
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