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Abstract—The problem of face verification across the short ~ the same time, aactive IR system can take advantage of
wave infrared spectrum (SWIR) is studied in order to illustrate sunlight, moonlight, or starlight, and can remain unobtrusive

the advantages and limitations of SWIR face verification. The 544 covert since the reflected IR light is for the most part
contributions of this work are two-fold. First, a database of L
invisible to the human eye.

50 subjects is assembled and used to illustrate the challenges o . .
associated with the problem. Second, a set of experiments is [N the visible spectrum, human faces from different ethnic

performed in order to demonstrate the possibility of SWIR  groups can exhibit different reflectance characteristics. The
cross-spectral matching. Experiments also show that images problem of finding invariants related to skin color in the
captured under different SWIR wavelengths can be matched to  isipje spectrum could be addressed in the IR spectrum by
visible images with promising results. The role of multispectral - . " . .
fusion in improving recognition performance in SWIR images !JS'”Q a cahbrated_ IR_Se_nsor. In_ addition, since IR a_lnd visible
is finally illustrated. To the best of our knowledge, this is imagery capture intrinsically different characteristics of the

the first time cross-spectral SWIR face recognition is being  observed faces, intuitively, a better face description could

investigated in the open literature. be found by utilizing the complimentary information present
Keywords-Short Wave Infrared; Face Verification; Cross- across the two spectra. While previous studies have shown

spectral Matching; Fusion. that the NIR spectrum yielded promising results [7]-[9] and
that fusion of thermal and visible face images improved face

l. INTRODUCTION recognition [10], the SWIR spectrum has received limited

Most face recognition (FR) systems are based on imattention in the literature (see research gap in Figure 1).
ages captured in the visible range of the electromagnetic The main benefits in using SWIR spectrum for face
spectrum (380-750nm). However, in harsh environmentatecognition are the following: (a) the external source of
conditions characterized by unfavorable lighting and pro-llumination is invisible to the human eye making it suitable
nounced shadows (such as a nighttime environment [1])}for covert applications; (b) it can be useful in a nighttime
human recognition based only on visible spectral imagegnvironment; (c) SWIR imagery can be combined with
may not be feasible [2]. Thus, recognition of faces in thevisible-light imagery to generate a more complete image of
infrared spectrum has become an area of growing intereshe human face; and (d) facial features that are not observed
[31, [4]. in the visible spectra may be observable in SWIR images.

The infrared (IR) spectrum can be further divided intoIn addition, its proximity to the visible spectra makes it
multiple spectral bands. The boundaries between these bangarticularly relevant for use in biometric face applications.
can vary depending on the scientific field involved (e.g., o
optical radiation, astrophysics, or sensor technology [5])A- G0als and Contributions
The IR bands discussed in this work are based on the Most FR systems acquire images of the face in the visible
response of various detectors (see Figure 1). and NIR range of the electromagnetic spectrum. To the best

The IR spectrum comprises of the reflected IR (active)of our knowledge, this paper represents the first attempt in
and the thermal IR (passive) bands. The active band (0.#he literature to investigate the problem of face verification
2.5um) is divided into the NIR (near infrared) and the SWIR in the SWIR spectrum. Thus, multiple spectral bands within
(shortwave infrared) spectrum. The SWIR has a longethe SWIR range are considered. Further, the possibility of
wavelength range than NIR and is more tolerant to low levelgerforming cross-spectral facial matching is studied. Cross-
of obscurants like fog and smoke. Differences in appearancgpectral matching is also useful in practical scenarios: in law
between images sensed in the visible and the active IR barehforcement, for example, the mugshots are acquired only
are due to the properties of the object being imaged. Unlikén the visible spectrum (as described in the ANSI/NIST-ITL
thermal IR imagery that can be acquired without any external-2000 standard) while a probe image may be acquired in
illumination in day or night environments, regions in SWIR the greater IR spectrum.
band require an external light source. For example, in order In this work we investigate face recognition on the West
to acquire reflective imagery near the visible spectrum withvirginia University Multi-spectral (WVUM) database con-
low light levels, image intensification in the NIR is neededsisting of visible and SWIR face images of 50 subjects.
through the use of a micro-channel plate (MCP) [6]. AtFour different experiments have been performed. The first
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Figure 1: Literature map and SWIR research gap.
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is the matching of high quality face images obtained in the lllumination Correctionthat enhances its capability. In
visible spectrum for the purpose of establishing a baseline.  this work, Canon (Fig. 2(a)) is used to obtain standard
The second experiment compares facial images captured in  RGB, ultra-high resolution frontal pose face images in
the SWIR spectrum with those in the visible spectrum, and  the visible spectrum.

the third compares SWIR images obtained at different wave- « XenlICS: A XenIlCS XEVA-818 camera served as the

lengths. The fourth experiment involves fusion of multiple imager for obtainingSWIR images (see Fig. 2(b)).
algorithms for improving the performance of SWIR face The camera has an Indium Gallium Arsenide (InGaAs)
verification. 320 x 256 Focal Plane Array (FPA) with 30umnpixel
o pitch, 98% pixel operability and three stage thermoelec-
B. Paper Organization tric cooling. The XEVA-818 has a relatively uniform
The rest of this paper is organized as follows. Section  spectral response from 950 - 1700 nm wavelength
Il describes the multi-spectral imagery used in this work. (the Short Wavelength Infra-Red (SWIR) band) across

Section Ill provides a summary of the face recognition algo- which the InGaAs FPA has largely uniform quantum
rithms employed and the experiments conducted. Section IV efficiency. Response falls rapidly at wavelengths lower
presents the results while conclusions are drawn in section than 950 nm and greater than 1700 nm.

V. The aforementioned cameras were employed for data col-
lection in order to assemble the WVU Multispectral Face
database.

Two different types of cameras have been used in this The live face capture configuration we used is illustrated
work, viz., a Canon EOS 5D Mark I, and a XenICS Xevain Fig. 3 (a) and (b). The database was assembled across
InGaAs. These cameras are described below and they COVElio sessions Spanning over a time period of 1 month. In
the visible spectrum and a significant portion of the SWIRthe beginning of the first session, the subjects were briefed
spectrum. about the data collection process after which they signed

o Canon EOS 5D Mark II: This digital SLR camera has a consent document. In total, 50 subjects (30 male + 20

a 21.1-megapixel full-frame CMOS sensor with DIGIC female) participated in this experiment. Each session of the
4 Image Processor and a vast ISO Range of 100-640@isible spectrum dataset has 25 frontal face images of each
It also hasAuto Lighting Optimizerand Peripheral  subject, resulting in a total of 1,250 images.

Il. MULTISPECTRALIMAGERY
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Figure 2: (a)Canon EOS 5D Mark Il. (b) XenICS SWIR.

(b) IR SPECTRUM

For the SWIR dataset, we acquired face images at three S
different poses, i.e., full frontal and left/right at +/-67.5

degrees. For each pose, we obtained images with and without
employing a band pass filter. The wavelength of the band-
pass filters starts from 950nm and goes up to 1650nm in
steps of 100nm. Thus, nine samples per pose (no filter anfggure 3: Image capture setup: (a) Visible Spectrum: The live

. . . bject-capture setup using the Canon digital camera (taken from
950nm-1650nm in steps of 100nm) were acquired resultm@‘sj Depar?[ment of FIJS S?ate Departmer?t, Bureau og Consular

in a total of 1,350 images (27 samples/sessibd subjects).  agfairs). More details have been added by the authors. (b) SWIR
Spectrum: subject-capture using the XenICS camera.

I1l. METHODOLOGY AND EVALUATION

In our experiments we used both commercial and aca- )
demic software. While the pre-processing routines employefl.2]: CLAHE operates on local regions (8x8 for our ex-
by the commercial software are not known, the academi@e”me”ts)_ in the image and applies hlstogram equalization,
software employed the following pre-processing method. Illustrated in equation (1), to each sub-region.

n

A. Pre-Processing Method f(n) =(N]\; D > h(k) 1)

First, the Viola & Jonesface detectionalgorithm was k=0
applied to the original data. It was used to localize the spatiaHere, M and N are the number of pixels and grey level
extent of the face and determine its boundary. bins in each sub-region, antl is the histogram of each

In the next step, @eometric normalizatioscheme was sub-region. To increase contrast without amplifying noise,
applied to images acquired after detection. The normaliza€LAHE redistributes each histogram such that the height
tion scheme compensated for slight perturbations in thdalls below the clip limit threshold (.01n our experiments).
frontal pose, and consisted of eye detection and affinélore specifically, grey level counts beyond the clip limit are
transformation [11]. Eye detection was based on a temuniformly redistributed among the grey levels below the clip
plate matching algorithm where the eye coordinates werghreshold. Finally each sub-region is combined using bilinear
obtained. Then the canonical faces were constructed bwterpolation. CLAHE normalized imagery is illustrated in
applying an affine transformation. Eventually, all faces wereFig 4.
warped to the same dimension 20 x 300.

For photometric normalizatiorand in order to facilitate
cross-spectral SWIR matching, we employed the contrast In the next step, three face recognition methods were
limited adaptive histogram equalization (CLAHE) techniqueused: Principal Components Analysis (PCA) with k-nearest

B. Face Recognition Methods & Fusion
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Session Two

Visible Nofilter 950nm 1150nm 1350nm 1550nm
Q@ | Visible | (0.00 nfa) (0.99 2.10) (1.00 0.44) (0.59 1.19) (1.47 2.37) (5.60 5.00
O | Nofilter (2.02 0.00) (0.00 0.00) (0.00 0.00) (2.00 2.00) (6.02 4.00
5| 950nm (0.00 0.00) (0.00 0.00) (2.00 2.00) (8.00 4)00
g 1150nm (0.00 0.00) (2.00 2.00) (7.97 3.97
% 1350nm (0.14 0.00) (2.00 2.00
1550nm (8.02 3.97

Table I: EER for all verification experiments utilizing G8 before and afteABE normalization.

within the SWIR band. Oufourth experiment utilizes fusion
algorithms on images corresponding to a specific SWIR
spectral band whose performance was experimentally ob-
served to be inferior.

Before CLAHE

D. Performance Evaluation

j : To evaluate the performance of the system, the Equal
i vl Error Rate (EER-%) criterion is employed (other measures
such as d-prime or the FRR at a pre-defined FAR may
be used). This is determined from the Receiver Operating
Characteristic (ROC) Curve computed on the second session.
The lower the EER, the better the system performance.

IV. EXPERIMENTAL RESULTS

Table | presents the results for the first three experiments
in terms of EER. Each entry in the table has two values
representing the EER for G8 before and after CLAHE
normalization, respectively. Experiments 1 and 2 utilized ten
images for training while only one image was available for
training in experiment 3. With regards to testing, experiment
neighbor (k-NN), Verilook, and Identity Tools G8 (G8). 1 utilized three images while only one image was available
PCA and Verilook were used only in the SWIR versus SWIRfor testing in experiments 2 and 3.
fusion study where we have only one sample per subject For experiment 1, G8 performed exceptionally well,
per pose per spectral band in each session. In addition, twgchieving perfect separation between genuine and imposter
fusion algorithms were evaluated: the likelihood ratio basedjistributions. In experiment 2, we compare visible and SWIR
fusion rule and the sum of scores fusion method with minimages ranging frora50nm to 1550nm in 200nm intervals.
max normalization. G8 consistently provides good performance across all wave-
lengths. The overall trend for experiment two illustrates that
as wavelength increases, performance degrades. However,

By using the visible and SWIR images in the assembledven when testing images Hi50nm, G8 achieved an EER
database, four different types of face verification experi-of 5.6% which is a very encouraging result. Experiment 3

Figure 4. CLAHE normalization.

C. Experiments

ments were performed:

1) Visible vs Visible
2) Visible vs SWIR
3) SWIR vs SWIR

4) Fusion

investigated cross-spectral matching across SWIR. Perfor-
mance is consistently good across all wavelengths with the
exception of1550nm, which proved to be the most chal-

lenging case. Table | also shows that CLAHE had a positive
impact on matching cross-spectral images. Improvement in

Thefirst experimental scenario matches high quality imageg*€rformance is specifically observed1&60nm. _
in the visible spectrum for the purpose of establishing The final experiment involved fusion @650nm, since

a baseline for comparison. In treecondexperiment we

it proved to be the most difficult wavelength for matching.

compare the SWIR image against the Visible spectra image$iere we fuse the match scores for PCA, Verilook, and G8
In the third experiment we analyze cross-spectral matching/sing the simple sum (SS) and likelihood ratio (LR) fusion

Lhttp:/Avww.neurotechnology.com

rules and the results are presented in Fig. 5. Both fusion
algorithms perform better than G8 ab50nm resulting
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Figure 5: Fusion across recognition algorithm for SWIR 1550nm.
Also shown is the ROC for Identity Tools G8 on visible spectrum
data for comparison.

in an EER 0of0.10% and 3.45% for LR and SS fusion,
respectively.

V. DIscussION ANDCONCLUSION

We have presented a study on the problem of face
verificationacrossthe short wave infrared spectrum (SWIR).
The experiments were performed using the WVU Multispec-
tral database. Experimental results show that, unlike long
wave infrared or thermal, images captured under different

SWIR wavelengths can be matched to visible images witH10]

promising results (see table I). This is especially important
when intra-wavelength matching is extremely challenging

(i.e., nighttime vs. day time environments). [11]

Related to the photometric normalization employed,
CLAHE improved the performance of both commercial

algorithms for SWIR cross-spectral matching. This improve-[12

ment was primarily seen when comparing lower to higher
wavelengths. The drawback of CLAHE was that it did
not always improve performance when matching visible
to SWIR images. Finally, we illustrated that multispectral
fusion can significantly improve recognition performance in
SWIR matching scenarios.
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