


improve the recognition rate when the probe and
gallery 1images are acquired wunder different
illuminations. Our preliminary results show that
illumination adjustment improves identification rate
over the unadjusted gray-level images.

Throughout the remainder of the paper, the term
“gray-level images” will refer to images acquired by a
standard monochromatic camera without the LCTF.
The next section briefly describes related work. Section
3 presents the proposed physics-based weighted fusion
and illumination adjustment. Experimental results are
shown in Section 4. In Section 5, we present our
conclusions.

2. Related work

Fusion of multispectral imagery has been used in
many applications. Hardeberg et al. [2] used a
multispectral imaging system similar to ours. They
discussed the selection of spectral images for
recovering an object’s colorimetric and spectrophoto-
metric information. Work with multispectral imaging
in Munsell Color Science Laboratory has been focused
on high resolution portrait reconstruction [3] [4].

However, very few researchers have utilized multi-
spectral image fusion to improve face recognition. The
work presented in [5] showed that spectral images of
faces acquired in the near infrared range can be used to
recognize an individual with different poses and
expressions. The illumination variation was not
considered. However, illumination variation is still a
major challenge for face recognition. The illumination
subspace approach [6] was reported to perform
significantly better for unknown illumination.
However, this method requires a set of images to
construct an illumination cone of a face taken under
unknown lighting conditions. In this paper, the
illumination adjustment is proposed to handle
differences in illuminations.

3 Proposed approaches

3.1 Physics-based weighted fusion

Physics-based weighted fusion is named as such
because the physics information of the multispectral
imaging system, such as the transmittance of the LCTF,
SPD of lights, CCD spectral response and skin
reflectance, are used as weights in the multispectral
image fusion.

The camera response obtained by (2) is the result of
an integration process which can also be calculated in a
discrete manner as the summation of samples. Because

each spectral image is acquired within a very narrow
band, we take only one sample of each factor per band.
Therefore, the camera response for a spectral image
pixel at 4; can be represented as

pﬂi:Rﬂq‘LﬂiSﬂiTﬂi' 3)
An ideal imaging system has a uniform
transmittance as shown by the solid line in Figure 2.
However, the transmittance of an acquisition system in
practice is always non-uniformly distributed. The
transmittance curve of our imaging system, indicated
by the triangle dashed line in Figure 2, is formed by the
product of skin reflectance, spectral response of the
monochrome camera, and transmittance of the LCTF.
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Figure 2. Transmittance of our multispectral imaging
module ( -~ ) is the product of, normalized
Caucasian skin reflectance [7] ( "%+~ ), a typical
spectral response of the camera (——), and the LCTF
transmittance. The solid line (— ) is the ideal
uniform transmittance.

From the transmittance curve of our system, we can
see that there is a global intensity difference between
the spectral images. For example, due to the lower
transmittance values at shorter wavelengths, the
spectral images appear to be darker than the images at
some longer wavelengths. This difference can
negatively affect feature extraction and bias the fusion
results for face recognition. Therefore, we consider
compensating for the intensity difference by adding
various weights to each band to achieve a uniform
transmittance. The illumination can also be considered
as a factor to calculate weights. The pixel values of the
weighted fusion results, p,,, can be calculated as

N
1
pw=E§m i “
. N
where C is equal to Zi:l W and wy, are the

weights. Assuming the light is homogenously
distributed in the scene, we then assign a single weight,
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wy, to all the pixels in one spectral image. In practice,

we apply the reciprocal of the factors to transform a
non-uniform to uniform transmittance. For example,
the fused image produced by the reciprocal of the
transmittance of the LCTF, wy; =1/T Ai is shown in

Figure 3(a). As a comparison, the fused image by
average and PCA fusion are shown in Figure 3(b) and
(c), respectively. All images have been processed by
linear stretching.
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Figure 3. Example images: (a) gray-level, (b)
multispectral band 600nm, (c) multispectral band
700nm, (d) by physics-based weighted fusion, (b) by
averaging fusion, and (c) by PCA fusion.

3.2 Illumination adjustment (IA)

Different light sources have different spectral
properties as shown in Figure 4. In our experiments,
halogen (Z;) and fluorescent ( L, ) lights are used and
the spectral power distributions have been measured
with a spectrometer.

Given the same camera, filter and object, the
product F, % =RaSAxTy, remains identical. Here, the
camera response has a direct relationship with the
incident illumination. The camera response, P, 4; , to
the spectral image pixel at A; acquired under L;, can
be represented as

pl,/ll‘:F/liLl,/L" Q)
where Lj p is the SPD of the halogen light at 4;. The

camera response p, ;. ,under Ly, is represented as

P2, 4= 212, - (©)
Comparing (5) and (6), the spectral image acquired at
A; under Zj can be transformed to the corresponding
image acquired under L, , by applying the ratio
Ly 4 [L14; » Which can be written as

- Loz 7
P12, 4= PLA; L, (7

The IA can be viewed as one type of physics-based
weighted fusion with weights wy, =L; 3, /Ly 3, . The

pixel values of the weighted fusion results, pj_,5, can
be represented as

1 N
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Figure 4. Spectral distributions of (a) halogen, /;,
and (b) fluorescence, L,, lights in our experiments.
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4. Experiments and results

To support our expectations of the fused images
outperforming the gray-level images in face
recognition, we applied PCA, averaging fusion and the
proposed methods to MSIs. First and second ranks of
the fused images were compared to those of the gray-
level images using Facelt® [8].

Images of 50 people were used in the following
experiments. 25 band images were acquired in bands
between 480 nm and 720 nm. The participants stayed
still during the acquisition time and therefore, no image
registration is required for the fusion. In experiment 1,
gallery and probes are acquired under the same
illumination. In experiment 2, the probe images are
acquired under different illumination than the gallery
images. PCA, as described in [9], is used in this paper.

4.1 Experiment 1 - single illumination

In experiment 1, the spectral images are fused by
physics-based weighted, PCA and average fusion, and
the results are used as three sets of probe images,
respectively. Another set of probes is the gray-level
images acquired at a different time than the gray-level
images in the gallery. Gallery and probes are acquired
under the same illumination L;. Here we compensate

the transmittance of the LCTF and the SPD of
illumination. Therefore, the weight at wavelength 4; is

wy, :1/(L1‘/1i 7y, ) as shown in Figure 5. It is noticed that

the weights for shorter wavelength bands are larger
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