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Abstract

In this report we address the problem of skin fluorescence in feature extraction from
Raman spectra of skin lesions. We apply a highly automated neural network method
for suppressing skin fluorescence from Raman spectrum of skin lesions before dimension
reduction with principal components analysis. By applying the background suppression,
the effect of outlier spectrum in the principal components analysis was greatly reduced.

Introduction

Studies have shown that Raman spectra of skin cancer has potential for skin cancer diag-
nosis [2, 4, 5, 6, 3]. Raman spectra are obtained with equipment consisting of a radiation
source and a spectrometer. The laser beam excites the molecules and two scattering pro-
cesses are observed, elastic and inelastic. The elastic process is the so-called Rayleigh
scattering where the reflected wavelength is the same as the exited wavelength. In con-
trast, the inelastic scattering changes the reflected wavelength, giving a frequency shift
in the reflected Raman spectra. This is called Raman scattering. The Raman spectra of
two molecules are different if they have different structure, thus specific substances can be
identified by their Raman spectra.
The radiation source for the excitation used in this study is a neodymium doped

yttrium-aluminium garnet laser emitting at 1064 nm. This frequency lies in the near
infrared region which makes the spectra less vulnerable to sample fluorescence, which
may severely corrupt the spectra. Nevertheless, the influence of sample fluorescence or
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Figure 1 Raman spectra of skin samples from basal cell carcinoma (BCC), malignant
melanoma (MM), normal skin (NOR), pigmented nevi (NV) and seborrhoeic keratosis
(SK).

background may be observed. In Figure 1 we show examples of Raman spectra of 4
different types of skin tumors and also of normal skin. The background is the amplitude
elevation in the region below 2800 cm−1. The narrow peaks represent the vibration of
chemical bonds carrying the information of molecular structure of different lesion types.
It has been observed that one of the factors controlling the amplitude of the background
in Raman spectrum of skin is the amount of pigmentation in the sample [7].
The dimension of the Raman spectra is usually high, e.g., for the data set used here

1711 dimension are used for representing each spectra. Using pattern recognition methods
in high dimensional input spaces is problematic as it suffers from the curse of dimension-
ality [1]. This may be solved by using a dimension reduction method, where the most
common method is the principal components analysis (PCA). Assuming that the presence
of multiple signal classes in a skin lesion is the major source of variation, a natural choice
for dimension reduction is PCA. The PCA is very sensitive to outliers in the data, i.e.,
data points far from the main density of the data. In the skin lesion data set there are
a few spectra that have very high background amplitude, making them potential outliers
for the PCA.
In this report we suggest a method for suppressing the background. We propose to to

model the background with a neural network and subtracting from the original Raman
spectra, thus generating a background suppressed spectra. The neural network model
incorporates adaptive regularization to avoid overfitting.
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Figure 2 The Gumbel distribution for three different values of β. Note the skewness
of the distribution giving higher probability of positive values.

Background modeling

As the background is little in the frequency region over 2800 cm−1, we fit linearly the Ra-
man spectra between the frequency points at 3500 cm−1 and 2800 cm−1. The background
in the spectra below 2800 cm−1 is modeled with a flexible artificial neural network due
to the variability of the background. The remainder of this section describes the neural
network in details.

Noise model

The noise model for a Raman spectrum may be defined

d(x) = y(x) + ε, (1)

where the spectrum d(x) is generated from the background y(x) at a wave number x
and an additive noise ε, in this case the Raman peaks. Visual inspection of the spectra
shows that the noise, in this case the Raman peaks, is far from symmetric. This can be
seen in Figure 1, where the noise is mostly positive. Thus, assuming the usual Gaussian
distributed noise is inappropriate. Instead, we suggest to model the noise as a zero location
Gumbel distribution [10] denoted Gum(0, β−1), where β is the inverse scale parameter.
The probability density function is written as

p(ε) = β exp(−βε) exp (− exp (−βε)) . (2)

In Figure 2 we show the probability density function for three different values of β.
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Neural network architecture

The neural network architecture used for the modeling is a two-layer feed-forward neural
network. The input-to-hidden layer is given by

hj(x) = tanh (wj1x+ wj0) , (3)

where wj1 are the input to hidden weights, wj0 is the input to hidden bias and hj(f) is the
output of the jth sigmoidal activation function of the hidden layer. The neural network
output, an estimate of the background, is given by

ŷ(x) =
H∑

j=1

wjhj(x) + w0, (4)

where wj are the hidden to output weights, w0 is the input to hidden bias and H is the
number of units in the hidden layer. To simplify notation we define the neural network
weight vector as w = [w1, w2, . . . , wW ]� holding all weights, where W is the number of
weights.

Inferring the weights

To infer the weights we use a set of data, consisting of input-output pairs D = {d(n), x(n)}
where n = 1, 2, . . . , N , d(n) is the value of the Raman spectrum and x(n) is the correspond-
ing wave number.
The neural network weights are inferred with a maximum a posteriori (MAP) estimate,

where we maximize the posterior

p(w|D, β, α) ∝ p(D|w, β)p(w|α), (5)

where p(D|w, β) is the likelihood and p(w|α) is the prior. We assume that the hyperpa-
rameters α and β are known when inferring the weights. For numerical convenience we
minimize a cost function which is the negative logarithm of the posterior,

C(w, α, β) ∝ − ln p(w|D, β, α) (6)
= E(w, β) +R(w, α), (7)

where E(w, β) ∝ − ln p(D|w, β) and R(w, α) ∝ − ln p(w|α). The term R(w, α) may be
interpreted as a regularization term. The negative log-likelihood may be derived directly
from the noise distribution in equation 2

E(w, β) =
N∑

n=1

[
β
(
ŷ(w, x(n))− d(n)

)
+ exp

(
−β
(
ŷ(w, x(n))− d(n)

))]
, (8)

where we have exchanged y(x) with the estimate ŷ(w, x(n)). We assume a weight decay
regularization, given by

R(w, α) =
α

2
w�w. (9)
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To optimize the neural network weights we use a state of the art BFGS quasi-Newton
optimizer [9]. Thus, only the gradient of the cost function with respect to the weights
needs to be computed. The gradient is given by

∂C(w, α, β)
∂w

= β

N∑
n=1

[(
1− exp

(
−β
(
ŷ(w, x(n))− d(n)

))) ∂ŷ(w, x(n))
∂w

]
+ αw. (10)

The derivative for the output of the neural network for the architecture given in equations
(3) and (4) needs to be computed. For a single input-to-hidden and input bias weight

∂ŷ

∂wj1
= wj(1− (hj(x))2)x

∂ŷ

∂wj0
= wj(1− (hj(x))2), (11)

where we use differential rule tanh′(x) = 1− tanh2(x). For a single hidden-to-output and
output bias weight

∂ŷ

∂wj
= hj(x)

∂ŷ

∂w0
= 1. (12)

Adapting hyperparameters

After the weights have been optimized the hyperparameters α and β have to be adapted.
The update rule for β is simply the maximum likelihood estimate [10], given by

βnew =

(
1
N

N∑
n=1

ε(n) −
∑N

n=1 ε(n) exp
(−βε(n)

)∑N
n=1 exp

(−βε(n)
) )−1

(13)

where ε(n) = ŷ(w, x(n))− d(n).
The update rule for the α is computed as in [8], where ln p(D|α, β) is maximized. By

evaluating ∂ ln p(D|α, β)/∂α we acquire the following update formula

αnew =
γ

2EW (wMP)
, (14)

where γ = W − αTraceA−1(w) is the effective number of weights in the network and
A(w) = ∂2C(w,α,β)

∂w∂w� is the Hessian. The full Hessian may be computed as

A(w) = β

N∑
n=1

[(
1− exp

(
−β
(
ŷ(w, x(n))− d(n)

))) ∂2ŷ(w, x(n))
∂w∂w�

−β exp
(
−β
(
ŷ(w, x(n))− d(n)

)) ∂ŷ(w, x(n))
∂w

∂ŷ(w, x(n))
∂w�

]
+ αI. (15)

Computing the full Hessian is demanding, thus an outer product approximation is applied,
given by

A(w) ≈ −β2
N∑

n=1

[
exp

(
−β
(
ŷ(w, x(n))− d(n)

)) ∂ŷ(w, x(n))
∂w

∂ŷ(w, x(n))
∂w�

]
+ αI. (16)

The approximation also ensures a symmetric Hessian.

5



500100015002000250030003500

0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

Wavenumber (cm−1)

R
am

an
 in

te
ns

ity
 u

ni
ts

Original spectrum
Estimated background
Suppressed background spectrum

Figure 3 An example of a background suppression for a single Raman spectrum.

Experiments

The data set with Raman spectra of skin lesions consisted of 222 spectra. The background
was estimated and suppressed with a neural network. The neural network was initialized
with H = 20 hidden units. In Figure 3 we illustrate the background suppression of a
single Raman spectrum. The background is fairly well estimated and smooth, giving a
suppressed background spectra with emphasized Raman peaks.
The PCA may be evaluated using singular value decomposition. The data matrix D

of size F × N , where N is the number of examples and F is the number of frequency
components, is decomposed as

D = USV�, (17)

where U is a F × N orthonormal matrix, S is a N × N diagonal matrix and V is N × N
orthonormal matrix by using an economy size decomposition. The diagonal of matrix S
has nonnegative elements in descending order. These diagonal elements are the singular
values that correspond to standard deviations of the input data projected onto the given
basis vectors represented by matrix U. The reduced input space is obtained by using only
some fixed K ≤ N number of the largest principal components giving the transformation
matrix Ũ of size K × N . A set of dimension reduced K × N feature vectors X may be
computed with

X = Ũ�D. (18)

In the following experiment we use K = 25 principal components.
The evaluation of the difference for a single feature vector x(n) when used to evaluate

the PCA or not, may be computed using the squared two norm, given by

e(n) =
∥∥∥(Ũ� − Ũ�

\n
)

d(n)
∥∥∥2

, (19)
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Figure 4 Histograms over error distribution from equation 19 for the 222 examples
(left) without background suppression and (right) with background suppression.

where Ũ�
\n is evaluated with all examples except spectrum d(n). This is done for all

examples in a leave-one-out manner, with and without background suppression. Figure 4
shows the histogram over the error with and without background suppression. Without
the suppression of background, a few spectra have extremely high error compared to
background suppressed spectra.
To evaluate the influence of outliers we examine the density in the tail of the distribu-

tion of the error. This is done by computing the ratio of standard deviations of the error,
given by σe/σe,0.95, where σe is the standard deviation using all examples, and σe,0.95 is
the standard deviation where 5% of the examples with the largest error are removed. The
results gave the ratio 5.5 and 27.2, with and without background suppression, respectively.
Thus, by removing the background the ’tail to body’ ratio σe/σe,0.95 is reduced by a factor
5.

Conclusion

We have applied a highly automated method for removing skin fluorescence from Raman
spectrum of skin lesions prior to dimension reduction with PCA. This was done by mod-
elling the skin fluorescence with a regression type neural network and subtracting from
the original spectra.
The influence of outlier spectrum, having high background amplitude, on the PCA

estimation was investigated. The influence was evaluated by computing the difference in
the PCA transformation of each Raman spectrum when used for estimating the PCA and
not. The results showed that spectrum with high background amplitude clearly influenced
the PCA, for some cases of Raman spectrum the difference was considerable. By applying
the background suppression, the effect of outlier spectrum was reduced in the PCA.
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