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Abstract

The proposed study seeks to shed light on whether hand

sanitizer impacts the spectral signature of hyperspectral

fingerprint images. In the hyperspectral domain, finger-

print data consists of stacked images across pre-defined

wavelengths. We process the central region of the finger-

print foreground through various techniques that account

for baseline shifts in heterogeneous samples, different light-

ing conditions, and background noise. A non-parametric

classifier-based two-sample test adapted to hyperspectral

data is conducted to determine whether significant differ-

ences exist between samples acquired before and after ap-

plying hand sanitizer. Experiments were carried out on hy-

perspectral fingerprint images acquired from 50 subjects.

For every image, 100 pixels selected for this analysis, with

each pixel featured by 300 spectrum bands. Findings imply

that, the spectra generated from the data without applying

hand sanitizer differ from those obtained from the data col-

lected after applying hand sanitizer. However, treating the

spectra with proper pre-processing techniques significantly

attenuates this issue.

1. Introduction

Hyperspectral imaging (HSI) is a powerful tool that
could enable non-destructive analysis of spatially resolved
spectral information of materials. HSI technology collects
and processes information from across the electromagnetic
spectrum to obtain the spectrum for each pixel in the image
of a scene, with the purpose of finding objects, identifying
materials, or detecting processes [1]. This advanced image
processing technology coupled with pattern recognition can
extract rich signals without the use of reagents. It holds
great potential for security, forensics and medical applica-
tions. For example, HSI can improve understanding of the
chemical character of latent fingerprints [2].

Since the COVID-19 global health emergency, multi-
ple experts have mandated the use of hand sanitizers as a
safety measure to fight against the coronavirus spread; thus,
this product has become of common use [3]. Prajapati et

al. have proved that the use of skin disinfectants deprives
the skin from sebum and water hence causing skin dryness
[4]. Hand sanitizers containing alcohol can also dissolve the
lipid levels of the skin.

It is currently unknown whether and how hand sanitiz-
ers alter the spectral signature extracted from hyperspectral
images. This paper seeks to answer to this question by ap-
proaching the problem through statistical machine learning.
To the best of our knowledge, there is no prior research on
detecting such an impact in the HSI domain nor established
related work.

The contribution of this work is three-fold: i) design the
process for finger hypercube segmentation, ROI extraction,
and unfolding, ii) explore various spectral pre-processing
techniques for efficient analysis and mitigation of unde-
sired variations due to hand sanitization, and iii) implement
a non-parametric two-sample test incorporated with pixel-
wise classification to estimate the impact of hand sanitizer
and validate the proposed mitigation methods. We identify
and investigate a new scientific problem, discuss a novel ap-
plication of HSI, develop algorithms pertaining to this novel
technology and present solutions for mitigating this prob-
lem by transforming the original features into various rep-
resentations in which undesired effects can be attenuated.

The rest of the paper is structured as follows: Section 2
provides a background on hyperspectral imaging, Section
3 summarizes the proposed non-parametric two-sample test
based on pixel-wise classification, Section 4 describes the
data collected through this study and presents the experi-
mental results, and Section 5 draws our final conclusions.
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2. Fingers in Hypercubes

Electromagnetic radiation (EMR) is energy in the form
of electromagnetic waves [5]. Substances interact with
EMR in different ways. They absorb, reflect, or transmit
various wavelengths of EMR differently. Light entering bi-
ological tissue undergoes multiple scattering and absorp-
tion events as it propagates across the tissue. The pen-
etration depth of light into biological tissues depends on
how strongly the tissue absorbs light. Finger’s skin is usu-
ally characterized by varying curves from region to region
which causes diversity in reflecting the light. Fig. 1(a)
shows the infrared view of a sample finger hypercube.

Hyperspectral images, also known as hypercubes or dat-
acubes, are three-dimensional data structures, containing
two spatial dimensions (X-Y) and one spectral dimension
(Z) [1]. One of the most important challenges with hy-
perspectral imaging is the extraction of useful informa-
tion from the high dimensional data (hypercube) contain-
ing noise and redundant information. HSI enables the si-
multaneous acquisition of hundreds of spectral wavelengths
for each image pixel. While this detailed spectral informa-
tion increases the possibility of more accurate discrimina-
tion, it makes the volume of the feature space enormous.
High-dimensional hyperspectral data contains redundant in-
formation that needs denoise analysis [6]. In addition to the
spectral data, the spatial information obtained from hyper-
spectral data needs to be utilized to the maximum extent
i.e., fusion of spectral and spatial data for developing more
robust models. Critical aspects also involved in the pro-
cessing of hyperspectral images include object segmenta-
tion, change in illumination and environmental factors, and
heterogeneity of samples. The radiance reaching the sensor
is dominated by the solar energy reflected from the objects,
and it is proportional to the directional reflectance of the
object’s surface material. Variability in spectral signatures
is due to extrinsic factors (e.g., illumination) and intrinsic
factors (e.g., differences in constituent chemicals’ concen-
trations).

Finger hypercubes may exhibit significant differences in
the spectra due to physical variations such as sample het-
erogeneity and uneven surface. These unwanted effects re-
sult in additive, multiplicative and wavelength-dependent
effects. Typically, wavelength-dependent scattering ap-
pears as baseline shifts, tilt or a curvature scaling variation.
Huang et al. discussed pre-processing techniques that per-
form scatter correction and reduce spectral baseline shifts
could make the model robust to testing data from unseen
subjects [7]. Vision properties may be affected by the pres-
ence of specular shadow which produces darker regions.
These regions act like black objects and lead to absorption
of light that could compromise the detected spectrum. Fig.
1(b) illustrates the outcome of a K-mean analysis with K=3
over 300 bands. Ideally, a finger surface must be relatively

flat and reflect light evenly. However, the performed clus-
tering highlights that the image can be divided into three
groups: background, finger skin, and shadow area. There-
fore, the Region of Interest (ROI) is chosen to avoid the un-
even reflective area in the finger due to lighting conditions,
which helps discard pixels in the shadow area.

Figure 1. (a) Infrared view of a finger hypercube, (b) K-mean clus-
tering with k=3.

The ROI is obtained through global thresholding and
Otsu’s method. The selected ROI area is 10x10 pixels
around the distal phalanx part of the finger, which is the dis-
tal or third of the three bones in each finger when counting
from the hand to the tip of the finger. The pixel-wise meth-
ods classify an image without using contextual information;
thus, the hyperspectral data is considered as an unordered
list of spectral vectors where the spatial coordinates are ar-
bitrarily shuffled [8]. Within ROI, each pixel can be viewed
as a 1-D array of 300 wavelength values that could be shuf-
fled arbitrarily for computing the arithmetic mean spectrum.
This unfolds the hypercube which consists in rearranging
the spectra from three dimensions to a matrix with two di-
mensions. The ROI extracted from each hypercube is then
transformed by various spectral pre-processing techniques.
Both transformed hypercubes and original spectra are then
used for independently training various classifiers.

Fig. 2 shows the mean spectra of the fingerprints col-
lected from the same individual before and after sanitation.

Figure 2. Samples of unfolded finger hypercubes before and after
sanitization: the mean spectra of ROI are displayed on the left,
with corresponding RGB images of fingers shown on the right.
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3. The Proposed HSI-adapted Classifier-based

Two-Sample Test

We carry out an HSI-adapted non-parametric classifier-
based two-sample test (HSI-C2ST) to determine whether
two spectral signals in input are similar or not. C2ST has
been proven to be effective in the presence of high dimen-
sional data [9, 10]. In this work, this statistical approach
helps understanding how the sanitizer interacts with the fin-
ger skin’s biochemicals. The architecture of the proposed
framework is illustrated in Fig. 3.

The spectral signature of the original data is assumed to
follow a distribution z(t), while the spectra obtained from
sanitized data follow a distribution and z(t + k), where k
indicates the temporal unit expressed in minutes with values
in the range 1, 10, 25 [11]. The null hypothesis is that the
two signals come from the same distribution, see Eqn. 1;
while, the alternative hypothesis is that those two signals
belong to different distributions, as indicated in Eqn. 2.

H0 : z(t) = z(t+ k) (1)

H1 : z(t) 6= z(t+ k) (2)

C2ST is conducted by training a binary classifier to
distinguish between samples z(t) and those in z(t + 1).
We test whether the null hypothesis is true. Let z(t)i =
[z(t)1, z(t)2, ...z(t)n] denote the set of samples from be-
fore z(t), i = 1, . . .n . Let z(t + k)i = [z(t + k)1, z(t +
k)2, ...z(t + k)m] denote the set of samples after k mins of
applying hand sanitizer z(t + k), i = 1, . . .m . A binary
classifier f : {zt, zt+k} ! [0, 1] is trained on Datatrain
and the classification accuracy is computed on Datatest.
Given l being the prediction, f [z(t)i] expresses an estimate
of the conditional probability distribution p(li = 1|z(t)i).
The decision about accepting or rejecting the null hypothe-
sis is made based on the statistical p̂-value associated with
the proposed HSI-C2ST, see Eqn. 3 [10].

p̂ =
1

ntest

X

[z(t)i,z(t+k)i]2Datatest

I

I
✓
f (z(t)i) >

1
2

◆
= li

�

(3)
where I is the binary classifier, and ntest = |Datatest| de-
notes the size of the testing set. If z(t) and z(t+ k) follow
the same distribution, the accuracy of the classifier is ex-
pected to be near chance-level (50%). Let Modelk be the
kth classifier trained using observed data z(t) and z(t+ k),
with k in the range 1, 10, 25. The kth model is built by
training it on data that is not pre-processed and sampled at
both t=0 and t=k.

Various state-of-the-art algorithms including Support
Vector Machines (SVM), Random Forest (RF), and Par-
tial least squares discriminant analysis (PLS-DA) are pixel-
wisely trained in the HSI spectral domain and incorporated
into the statistical test. HSI-SVM carries out a non-linear

pixel-wise classification based on the full spectral informa-
tion which is robust to the spectral dimension of hyper-
spectral images [12]. HSI-RF uses several decision tree
models built on different sets of bootstrapped features [13].
HSI-PLSDA combines dimensionality reduction and dis-
criminant analysis and is especially applicable to modeling
high dimensional data. This algorithm can deal with multi-
collinearity issues in near-infrared (NIR) spectra, which oc-
curs when spectra are highly correlated [14].

3.1. Pre-processing to Minimize the Impact

The three models Modelk are also trained on pre-
processed data to investigate mitigation. Pre-processing
hyperspectral data allows the removal of unwanted varia-
tions that might impair the interpretation while preserving
chemically relevant information [15]. This step is essen-
tial when HSI is applied to human fingers due to variability
in shape, skin color, temperature, and skin’s biochemical
content such as sweat metabolites across individuals. Fur-
thermore, random noise and light scattering resulting from
variable physical sample properties or instrumental effects
can be attenuated.

In this work, we explore pre-processing methods such
as Savitzky–Golay first-order derivatives (SG), and mul-
tiplicative signal correction (MSC), and standard normal
variate (SNV) transformation with detrend spectra (DS).
These methodologies are summarized as follows. SG is a
derivative filter that smooths the data and increases its pre-
cision without distorting the signal tendency, thus preserv-
ing the original shape and features. It is used to resolve peak
overlap, and eliminate linear baseline drift between samples
[16].
SNV normalizes the spectra by subtracting its own mean
and dividing it by its own standard deviation [17]. After
applying SNV, each centered spectrum will have a mean
of 0 and a standard deviation of 1, which makes all the
spectra comparable in terms of intensities (or absorbance
level). It removes slope variation, corrects light scatter-
ing effects, and reduces differences in intensity. DS elim-
inates wavelength-dependent scattering effects, i.e., varia-
tion in curvilinearity between the spectra and baseline shift-
ing. This correction is used after SNV to eliminate trends in
spectroscopic data and enable the algorithm to focus on the
spectrum fluctuations analysis [18].
MSC is obtained by regressing a measured spectrum against
a reference spectrum and correcting the measured spectrum
based on the slope and intercept of this linear fit [7]. This
method has been proven to be effective in minimizing base-
line offsets and multiplicative effects.
Examples of transformed spectra are shown in Fig. 4.
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Figure 3. Architecture of the proposed framework: the finger is positioned under the camera as the hyperspectral image is acquired
contactless. z(t) and z(t+k) are the sample distributions obtained before and after 1 min of applying hand sanitizer, respectively. To execute
the proposed HSI-C2ST, a classifier is trained using a data set balanced between z(t) and z(t+k).

Figure 4. Examples of transformed spectrum: spectra before and
after 1 min of applying hand sanitizer indicated by the blue (be-
fore) and orange (after 1) curve.

4. Experimental Results

4.1. Dataset

The data used for the experiments is a subset of the GMU
CSIS Finger Hypercubes Sanitization with Demographics
(FHSD) database [19]. The images used for this study per-
tain to 50 individuals of different age groups and ethnicities.
Individuals with known health issues, or under hormone
treatment were not eligible for this study. We also excluded

individuals with open wounds/cuts on their hands due to the
burning sensation that is caused by the hand sanitizer. The
images were acquired by using the Resonon hyperspectral
camera PIKA L featured by a spectral range of 378nm to
1023nm, 300 spectral channels. For each individual, four
hypercubes were collected: 1) before applying hand sani-
tizer, 2) after 1 min, 3) after 10 mins and 4) after 25 mins.
Subjects applied themselves a single pump of 3 ml of Purell
hand sanitizer by GOJO, which contains 70% ethanol. A
10x10 ROI was extracted from each hypercube, with a total
of 100 pixels, each containing 300 spectral bands.

The protocol for the data collection was designed to re-
produce a scenario in which individuals are unable to wash
their hands right before the interaction with the HSI system.

4.2. Performance Evaluation

The classifiers were trained using 50% of the available
data and tested on the remaining 50%. Subjects were mutu-
ally exclusive between training and testing to validate that
the classifier detects the variations due to the hand sanitizer
instead of finger properties (e.g., skin color, lighting con-
dition, temperature) specific to an individual. Furthermore,
we also introduced the repeated random sub-sampling val-
idation, also referred to as Monte Carlo cross-validation
(MCCV) [20]. We created 20 iterations on random splits of
the dataset into 50% for training and 50% for testing. For
each such split, the model is fit to the training data, and pre-
dictive accuracy is assessed using the testing data. Table 1
reports the average accuracy and p-value over 20 iterations.

The performance is also depicted using the Receiver Op-
erating Characteristic (ROC) curve.

4.3. Results

Table 1 reports the difference between the spectra before
and after applying hand sanitizer as investigated by C2ST. A
small p-value associated with the C2ST indicates that there
is a significant difference among the spectra being analyzed,
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which occurs when models are trained by using original
spectra without pre-processing. Table 1 also reports the
classification performance for the different pre-processing
techniques under study. We can see that the accuracy ranges
between 40% and 60%. This poor performance suggests
that there may be no impact of hand sanitizer on spectral
signals when these are appropriately pre-processed. This re-
sult is reinforced in Fig. 5 that illustrates the ROC curves for
the PLS-DA classifier. A similar trend was found for differ-
ent classifiers as well. After pre-processing, the p-value be-
comes significantly greater than 0.05 suggesting that there
is no evidence to further support that there is a sanitizer’s
impact when proper pre-processing is applied to spectrum
data.

We also observed that spectral pre-processing ap-
proaches applying baseline corrections, (i.e., SG and De-
trend) outperform other methods that exclusively focus on
light scattering effects. SG, SG+SNV, and SNV+Detrend
reached an accuracy much closer to the chance level (50%);
thus, C2ST rejected the null hypothesis. SG is expected to
reduce baseline shift, MSC to reduce the multiplicative ef-
fect, SNV to mitigate light scattering effects, and Detrend
to minimize variations in curvilinearity between the spec-
tra and the baseline shift. As result, proper pre-processing
techniques can help in finding the transformed feature space
where the impact of heterogeneous samples is not signifi-
cant.

Figure 5. ROC curve for Partial Least Squares-Discriminant Anal-
ysis (PLS-DA) with n-components = 100.

Incorporating in the test additional classifiers is expected
to have similar results using the pre-processing techniques
under study. Furthermore, exploring deep nets would in-
volve image classification rather than the pixel-wise ap-
proach that we implemented in this work.

5. Conclusions

Since the COVID-19 pandemic, the use of hand sani-
tizer has become much more popular given the guideline by

medical experts. We investigate whether hand sanitizer im-
pacts hyperspectral images of human fingers. The proposed
study analyses the spectral signature pixel-wise. These
spectra were evaluated through the Classifier Two-Sample
Test (C2ST) adapted to HSI, as well as by using various
pre-processing techniques before training. The proposed
framework is general and may involve traditional classifiers
adapted to HSI domain as well as deep learning. For the
experiments, we used finger hypercubes collected in our lab
from 50 individuals. Results do not show evidence of sig-
nificant impact from hand sanitizer only when the signals
are appropriately pre-processed in particular through meth-
ods that perform baseline correction.

In future work, we will: i) extend this study on a larger
database, ii) investigate additional statistical tests and clas-
sification algorithms including deep learning formulations
for HSI, iii) explore domain adaptation techniques, and iv)

train generative models. We are also planning to incorporate
the protocol for the data collection scenarios where people
are asked to wash their hands for a certain number of sec-
onds by using specific anti-bacterial soaps before applying
hand sanitizer. This will validate our study also the impact
when washing is available to the individuals.
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