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Abstract
Noise, especially high‐level noise, is a severe problem in Raman spectral analysis. It smears informative Raman peaks, distorts spectral features, and therefore affects final analytical results, particularly in multivariate analysis,
which is frequently used in Raman spectroscopy. This becomes even worse
when it comes to optical Raman probe‐based biological applications due to limited acquisition time, laser power, and collection efficiency. Noise suppression
is usually the first step in the preprocessing procedure of Raman spectral analysis. It is crucial to reduce noise effectively before performing further analysis.
Discrete wavelet transform is a useful tool for noise reduction. However, it only
provides limited and fixed filter banks, which may not be optimal for the data
under investigation. In this paper, a novel adaptive denoising method based on
lifting wavelet transform is presented for improving the signal‐to‐noise ratio for
a Raman probe‐based system. It enables users to develop an infinite number of
lifting schemes from a base wavelet, and with the help of genetic algorithm, the
optimal one can be easily found. This method is examined by a set of simulated
Raman spectra with various noise level and a set of experimental Raman spectra. Performance comparison with other commonly used denoising methods is
made. The results indicate that the proposed method is able to remove noise
effectively while retaining informative Raman peaks satisfactorily.
KEYWORDS
adaptive denoising, lifting wavelet transform, noise reduction, Raman spectroscopy

1 | INTRODUCTION
Over the past a few decades, Raman spectroscopy has
been widely used as a powerful and promising technique
in various fields including analytical chemistry and biomedical applications. It is an optical technique that utilizes inelastic scattering photons to probe the vibrational
modes of chemical bonds of samples. Raman spectroscopy is able to analyze samples on a molecular level
and provide its “fingerprint” spectral features. However,
the process of Raman scattering effect is intrinsically
J Raman Spectrosc. 2018;49:1529–1539.

weak. Typically, only 1 in 106 to 108 photons will experience Raman scattering effect.[1]
Noise is pervasive in any type of measurement data,
and generally, it can be ignored due to high signal‐to‐noise
ratio (SNR). But when it comes to Raman spectra, because
of the weakness of Raman effects and low intensity of
Raman peaks, simply neglecting the influence of noise will
pose a negative impact on further analysis of the Raman
spectral data, for example, affecting the accuracy of a classification model for cancer diagnosis. The best way to suppress noise is to use highly sensitive and stable instruments
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and conduct spectral measurement under optimal experimental conditions. However, these conditions cannot
always be met due to either instrumental limitations or
application constraints. For Raman probe‐based in vivo
applications, because of limited integration time and laser
power to avoid phototoxicity and photodamage to the sample, the SNR of the acquired spectra is much lower than
spectra taken through Raman micro‐spectroscopy. Thus,
additional noise removal steps need to be performed before
further analysis on the spectral data.
Various types of noise can be recognized in the process
of Raman spectra acquisition, for example, noise due to
dark current and read noise (generated by analog‐digital
convertor in the spectrometer). In a measured Raman spectrum, fluorescence background noise and random noise
are the two major types of noise. In this paper, we only
focus on the random noise reduction. The fluorescence
background, which may be very strong especially for biological samples, can be effectively removed using various
methods, such as methods based on polynomial fitting,[2,3]
least square,[4,5] or first derivate.[6,7] The random noise is a
high‐frequency component compared with Raman peaks
and low‐frequency background, and its intensity is highly
dependent on the equipment and measurement condition.
The commonly used method for random noise reduction is
smoothing. Among different smoothing techniques, first
order or second order Savitzky–Golay (SG) filter is a widely
used one.[8] Like most smoothing techniques, an SG filter
smooths a Raman spectrum in the whole range, and
Raman peaks are also affected. It is obvious that improvements on noise treatment are still required.
Discrete wavelet transform (DWT) solves the fluorescence background and random noise problem by
decomposing the original spectrum into a series of wavelet
(detail) coefficients and scale (approximation) coefficients,
which are both time and frequency features of raw data.
Usually, random noise has the highest frequency in the
spectrum, whereas informative Raman peaks have a moderate frequency, and the fluorescence background has the
lowest frequency. So DWT is able to separate these three
components and process noise and background while
retaining Raman features.[9–11] However, conventional
DWT applies fixed filter banks normally choosing from
the standard types of wavelets, which results in a suboptimal solution for the spectral data.[12,13] A better result can
be achieved by designing and constructing an adaptive
wavelet filter according to the characteristics of experiment data being studied.
In this work, an adaptive lifting wavelet transform
(ALWT) denoising method for random noise reduction
in Raman spectroscopy is proposed. ALWT allows users
to develop an infinite number of lifting schemes from
the lifting scheme of a chosen base wavelet. Genetic
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algorithm (GA) is applied to search for the optimal one
that suits the data at hand best. This method requires
no prior knowledge about background information and
chemical composition of the sample. Besides, it can also
be applied to other vibrational spectroscopies. In order
to evaluate the performance of this method, three simulated spectra with various noise level and a set of experimental Raman spectrum are used. The results prove the
effectiveness of the proposed method.

2 | A DA P T I V E L I F T I NG WA V E LE T
TR AN SFO RM
2.1 | Principal of lifting scheme
In 1998, Sweldens proposed the method on constructing
second generation wavelet based on lifting scheme.[14]
Unlike conventional wavelet transform, lifting wavelet
transform (LWT) avoids the Fourier transform completely
and does not rely on scaling and translating operations of
base wavelet. LWT is highly efficient, fast in calculation
speed, requires little memory, and it inherits all of the
great properties of conventional DWT. It designs suitable
wavelet filters and uses them to perform wavelet transform. A typical lifting scheme is composed of iteration
operations of three steps: split, predict, and update. Suppose ai is the approximation coefficients at the ith decomposition level, the three steps are depicted as follows:
(1) Split: ai is divided into two disjoint subsets. A frequently used method is lazy wavelet transform
(Equation 1), which extracts odd‐indexed ( aodd
i )
).The
z‐transform
and even‐indexed data points (aeven
i
of lazy wavelet transform is shown in Figure 1.
Other data division methods can also be applied.
(
aodd
i ðk Þ ¼ ai ð2k−1Þ
; k ¼ 1; 2 …; lengthðai Þ=2: (1)
ðk Þ ¼ ai ð2k Þ
aeven
i

FIGURE 1 Illustration of lazy wavelet transform (z represents
the unit advance operator and ↓2 denotes downsampling by two)
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(2) Predict (dual lifting): in this operation, the odd subset aodd
is predicted by a linear combination (also
i
known as prediction operator, denoted as P) of several neighboring even samples. The odd subset aodd
i
is then replaced by the difference between aodd
and
i
the predicted value, and it becomes the detail or
wavelet coefficients at i + 1th level, di + 1:
 even 
diþ1 ¼ aodd
iþ1 −P aiþ1 :

(2)

(3) Update (primal lifting): in this step, the even subset
aeven
iþ1 is updated based on detail coefficients di + 1 by
an updating operator U:
aiþ1 ¼ aeven
iþ1 þ U ðdiþ1 Þ:

(3)

These three steps iterated until the highest decomposition level is reached. The inverse LWT is symmetrical
to the above process and has three counter steps:
(1) Update:
aeven
iþ1 ¼ aiþ1 −U ðdiþ1 Þ:

(4)
(1) Choose a base wavelet with finite impulse response
quadruplet filters that satisfies perfect reconstruction conditions[15]:

(2) Predict:
 even 
aodd
iþ1 ¼ diþ1 þ P aiþ1 :

(5)
 
 
hr ðzÞhd z−1 þ gr ðzÞgd z−1 ¼ 2

hr ðzÞhd ð−z−1 Þ þ gr ðzÞgd ð−z−1 Þ ¼ 0;

(3) Merge:


even
ai ¼ Merge aodd
iþ1 ; aiþ1 :

(6)

The process of LWT and inverse LWT is illustrated in
Figure 2.

2.2 | Adaptive lifting wavelet transform
Instead of designing the prediction and update operators
from the beginning, an easier way to design the desired
wavelet is to modify an existing one whose properties

FIGURE 2

are well recognized and is suitable to generate a second
generation wavelet. Daubechies and Sweldens demonstrated that any wavelet transform with finite impulse
response filters can be decomposed into a finite number
of lifting steps.[15] As mentioned above, dual lifting and
primal lifting are the two main lifting strategies of LWT.
Detail coefficients are obtained by lifting the performance
of high‐pass filter with the help of low‐pass sub‐band,
whereas approximation coefficients are obtained by
lifting the performance of low‐pass filter with the help
of high‐pass sub‐band. By adding one or several elementary lifting steps (ELSs), we can generate an infinite number of second generation wavelets from a selected base
wavelet. Finding an optimal one to best suit the spectral
data at hand, desired denoising result could be obtained.
As noise has a higher frequency compared with Raman
features, we only use primal lifting to better retain low‐
frequency approximation coefficients in ALWT. To further simplify the calculation complexity, an additional
one‐step primal lifting based on a selected base wavelet
is adopted in this work.
The main procedure of the proposed method is given
as follows:

(7)

where the decomposition filters are denoted as hd (low‐
pass filter) and gd (high‐pass filter), the reconstruction filters are denoted as hr (low‐pass filter) and gr (high‐pass
filter), and hr (z), gr (z), hd (z−1), gd (z−1) are their corresponding z‐transform forms. Many wavelets from the
eight standard types of wavelets can satisfy the above
requirements. Here, we choose Daubechies 4 wavelet
(db4) as the base wavelet. Although somewhat arbitrary,
it turns out to be suitable for the data we use in this
paper. For a classification problem with a large dataset,
a supervised ALWT on the whole or a subset of

A schematic diagram of lifting wavelet transform and inverse lifting wavelet transform
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calibration set would serve better in selecting the suitable
base wavelet.
(2) Construct the polyphase matrix P, which is associated with the quadruplets using the reconstruction
filters hr and gr. The polyphase matrix is of the following form:

P ðz Þ ¼



ðzÞ geven
ðz Þ
heven
r
r
hodd
r ðz Þ

godd
r ðz Þ



;

(8)

and greven are the even terms of hr (z) and gr (z),
where heven
r
odd
are the odd terms of hr (z) andgr (z). And
and hr and godd
r
they can be calculated by
 
f even z2 ¼ ðf ðzÞ þ f ð−zÞÞ=2
f odd ðz2 Þ ¼ ðf ðzÞ− f ð−zÞÞ=2z−1 :

(3) Factor the polyphase matrix using the Euclidean
factoring algorithm.[15] P can be factored into
m

P ðz Þ ¼ ∏
i¼1



1

where
0


1
0

si ðzÞ
1



1

si ðzÞ

0

1



is related to a primal lifting step and



1

0

t i ðz Þ

1



K

0

0

1=K



;

(9)

is related to a dual lifting step, K is a scaling
t i ðz Þ 1
factor decided by the factoring algorithm to ensure perfect
reconstruction, and si (z) and ti (z) are Laurent polynomials
with the following form:

FIGURE 3

f ðzÞ ¼ f 1 zmax þ f 2 z max−1 þ … þ f end zmin ;
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(10)

where max is the highest degree, min is the lowest degree
of f (z), andmax − min defines the length of f (z).
(4) The lifting scheme LS of the base wavelet then can
be obtained from the factorization of P (z). It consists
of a sequence of primal and dual ELSs.
(5) Add an optimal primal ELS to the lifting scheme LS
to obtain an improved new lifting scheme, LSN.
With proper parameters, LSN is expected to be more
suitable to the spectral data at hand than LS. This
optimal primal ELS and the most suitable decomposition level j are obtained through multi‐objective
GA searching with a given length of a Laurent polynomial. Other optimization algorithms may also
work, but GA has its own advantages. Unlike other
traditional optimization methods, GA searches parallel from a population of starting points thus
avoiding being trapped in local optimal solutions.
It is also suitable for noisy objective functions and
searching multiple objectives. The input (a vector)
of the multi‐objective GA searching consists of three
major parts: the decomposition level, the coefficients
of a Laurent polynomial of ELS, and the maximum
degree of this Laurent polynomial. The detailed
parameter settings of GA searching are given in
Table 2, and the two searching objectives are given
in Section 2.3. GA searching finds the optimal input
by searching the optimal values of the two
objectives.

Forward and inverse implementations of adaptive lifting wavelet transform (ALWT): (a) forward ALWT; (b) inverse ALWT
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(6) Perform ALWT on the input spectrum x using LSN.
The ALWT process is illustrated in Figure 3a. First,
implementing lazy wavelet transform, then
performing primal and dual lifting steps in LS and
the added primal ELS, finally a scaling by factor K.
The additional primal ELS uadd is shown in the
dashed box, other parts except the dashed box all
belong to LS.
(7) Process the detail coefficients with certain threshold
value. Choosing a suitable threshold value is of great
importance in the wavelet denoising procedure. A
popular threshold selection method, the “universal”
threshold method,[16] is adopted in this paper. The
universal threshold λ is defined as

λ¼

medianðdÞpﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2 logN ;
0:6745

(11)

where d is a vector of detail coefficients, median(⋅) is the
median value function, and N is the length of d.
Two main strategies used for suppressing the detail
coefficients are soft thresholding and hard thresholding.
Hard thresholding can better preserve local characteristics and sudden changes of the input signal; however,
it suffers from the pseudo‐Gibbs phenomena due to the
discontinuities at ±λ. Soft thresholding can give a relatively smooth results and can moderate the pseudo‐
Gibbs effect. Therefore, the soft thresholding strategy is
applied.
(8) Inverse ALWT to reconstruct the signal after noise
reduction. Figure 3b shows the inverse ALWT
process.
The flowchart of ALWT denoising algorithm is shown
in Figure 4.
FIGURE 4

Flowchart of adaptive lifting wavelet transform
(ALWT) denoising. GA = genetic algorithm; ELS = elementary
lifting step

2.3 | Evaluation criteria
To evaluate the performance of the proposed denoising
method and make comparison with other commonly
used denoising methods in Raman spectroscopy, two
indices are introduced as performance assessment
criteria: the estimated signal‐to‐noise ratio (eSNR) after
reconstruction and root mean square error (RMSE).
These two indices are also used as the objectives for GA
searching.
9
8
N−1
>
>
>
>
2
>
=
< ∑ x_reci >
i¼0
;
eSNR ¼ 10 lg N−1
>
>
>
>
> ∑ ðx i −x_reci Þ2 >
;
:
i¼1

(12)

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 N
RMSE ¼
∑ ðx i −x_reci Þ2 ;
N i¼1

(13)

where xi is the raw spectrum and x_reci is the reconstructed spectrum.

3 | SIMULATED AND
EXPERIMENTAL SPECTRA
Two types of Raman spectra were examined: three simulated Raman spectra with various noise level and a set of
real Raman spectra taken from swine fatty tissue.
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Comparison was made between the proposed denoising
method and commonly used methods, that is, first, second, and third order SG filters, and wavelet transform
using the same base wavelet without additional lifting.
The Matlab 2017b (The MathWorks Inc., USA)
equipped with wavelet toolbox version 4.15 and optimization toolbox version 7.3 runs under the operating system
Microsoft Windows 7 Professional was used to develop
the algorithm.

3.1 | Generation of simulated spectra
A measured Raman spectrum usually consists of three
major components: Raman peaks yr, fluorescence background b, and random noise n. So a Raman spectrum
can be expressed as y = yr + b + n. The simulated Raman
peaks are produced by the sum of a sequence of
Lorentzian peaks, via
m

2Ai
wi
;
2
2
i¼1 π 4ðx−x i Þ þ wi

yr ¼ ∑

xi

constructed in the range of 200 to 1,800 cm−1 and shown
in Figure 5.

3.2 | Experimental spectra
Experimental Raman spectra of swine fatty tissue were
obtained using a portable fiber‐optic Raman sensing system. This system consists of a 785‐nm continuous laser
source (FC‐D‐785, X2 Labwares Private Limited, Singapore), a fiber‐optic Raman probe (EmVison LLC, FL,
USA),
a
compact
spectrometer
(TG‐Raman
785–1,100 nm, X2 Labwares Private Limited), and a computer. The swine fatty tissue sample for human consumption was purchased from supermarket. Three spectra
using different laser power (90, 60, and 30 mW at the
sample, respectively) with 1‐s integration time for each
spectrum were taken to imitate various noise levels in
simulated spectra. Here, we denote the three spectra as
s1, s2, and s3, respectively.

(14)

where m is the total number of peaks, Ai is the area under
curve from baseline, wi is the parameter related to the
peak width, and xi is the peak position along horizontal
axis. Parameters used for generating Raman peaks are
provided in Table 1.
The fluorescence background b was then simulated
by a fourth order polynomial. The shape was chosen to
mimic fluorescence in biological samples. Gaussian white
noise was then added to the simulated signal with amplitudes of 10%, 20%, and 30% of the lowest Raman peak.
The three simulated spectra y1, y2, and y3 were
TABLE 1

ET AL.

3.3 | Classification dataset
To illustrate the performance of the proposed method on
a classification problem, a bladder tissue spectral dataset
that was obtained previously using the same instruments
described above ex vivo was included in this study. Laser
power at sample was around 40 mW. Briefly, this dataset
contains 136 bladder tumor spectra and 88 normal bladder spectra. The dataset was first denoised using the
above mentioned noise reduction methods, and then,
same preprocessing procedures including baseline correction and standard normal variate were applied. Principal

Parameters used for simulated Raman peaks
Ai

wi

623

89

20

801

96

15

946

78

10

1,001

35

6

1,024

57

10

1,086

105

33

1,128

70

74

1,260

180

22

1,288

90

24

1,322

88

22

1,348

130

17

1,460

188

13

1,652

160

28

FIGURE 5 Simulated spectra with various noise level, 10%
(black line), 20% (red line), and 30% (blue line) of the generated
lowest Raman peak (offset for visualization) [Colour figure can be
viewed at wileyonlinelibrary.com]
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component analysis (PCA) was then applied on the
preprocessed data and principal components that can
accumulatively explain over 90% variance of the spectral
data were fed into a linear discriminant analysis (LDA)
model with 10‐fold cross‐validation.

4 | R E S U L T S AN D D I S C U S S I O N
4.1 | Simulated spectra
Because random noise reduction is the major focus of this
method, the background b was considered as a part of
useful signal and was reconstructed. The denoising procedure described in Figure 4 was applied on the simulated
spectra, and the relevant parameter settings used in the
multi‐objective GA searching are listed in Table 2. The
searching objectives are the two performance evaluation
criteria. The decomposition level j was set within the
range of [1, 10] to ensure enough data points in the
approximation and wavelet coefficients at the highest
decomposition level. Usually, the highest decomposition
level should be less than log2N (where N is the signal
length). After dozens of trials of GA searching on the simulated spectra, the coefficients of Laurent polynomial
used in the added ELS always fell in the range [−2, 2].
So [−2, 2] was set as the searching range of Laurent polynomial coefficients for simplicity. A better result is anticipated when a wider range is selected, especially for
unknown data. And the range of maximum degree of
Laurent polynomial was also decided empirically.
After performing the multi‐objective GA searching,
the optimal parameters were found for the three simulated spectra. To eliminate undesired fluctuations generated at both ends, the reconstructed spectra were
truncated, and 50 data points at both ends were
discarded.
The
optimal
parameters
for
y1
(eSNR = 37.065 dB, RMSE = 0.863) are the
TABLE 2

Parameters used in multi‐objective genetic algorithm

Parameters
Decomposition level j
Laurent polynomial length in ELS

Value range and type
[1, 10], integer
4, integer

Laurent polynomial coefficients

[−2, 2], double

Maximum degree of Laurent polynomial

[−2, 2], integer

Population size

200

Maximum evolution generation

100

Probability of crossover
Mutation function
Average change tolerance
Note. ELS = elementary lifting step.

.8
Constraint dependent
0.0001

decomposition level j = 7, maximum Laurent polynomial
degree D = 2, and the coefficients of Laurent polynomial
are [0.314, −0.1, −0.189, −0.155], which means that the
Laurent
polynomial
used
in
the
ELS
is
f(z) = 0.314z2 − 0.1z − 0.189 − 0.155z−1; the optimal
parameters for y2 (eSNR = 31.381 dB, RMSE = 1.66) are
j = 8, D = 2, and the Laurent polynomial coefficients
are [0.476, −0.013, −0.248, −0.371]; the optimal parameters for y3 (eSNR = 28.026 dB, RMSE = 2.438) are j = 9,
D = −1, and the Laurent polynomial coefficients are
[0.641, −0.338, −0.061, 0.032]. The denoising results of
the three simulations are shown in Figure 6, where cyan
line represents the original spectrum and red line represents the denoised spectrum. It can be clearly seen that
the proposed method is able to effectively suppress random noise and, at the same time, preserve the shape of
Raman peaks in simulation y1 and y2. Fory3, due to the
strong influence of high‐level noise, the baseline of the
reconstructed signal is not as smooth as those of y1 and
y2, and the Raman peaks whose intensities are close
to noise level (e.g., the two peaks from 1,000 to
1,050 cm−1) are reconstructed to a comparatively low
intensity. But the result is still acceptable.
To prove the superior performance of the ALWT
denoising method, comparison with commonly used
methods, that is, first, second, and third order SG filter,
and the DWT (using the base wavelet without additional
lifting), was made. The window size of the SG filters was
chosen to make the denoising results have similar
smoothness to the results of ALWT denoising algorithm.
Here, we chose the window size as 53 data points. Reducing the window size will lead to insufficient suppression
of noise (i.e., not comparable with the proposed method)
but will better preserve the peak features. The parameters
of DWT were kept the same as ALWT denoising except
for the added primal lifting step. The denoising results
of the three simulated Raman spectra using the above
methods are illustrated in Figure 6. And the comparison
of different denoising methods in terms of the two performance assessment criteria is shown in Table 3. The best
performances for the simulated spectra are highlighted
in bold.
As can be seen from Figure 6, to acquire comparative
smoothness in the reconstructed spectra, the first, second,
and third order SG filters substantially distort the Raman
peaks in all three simulations. The first order SG filter has
the worst performance, that is, the peak heights are
strongly affected due to the averaging process. The second
and third order SG filters perform slightly better, but the
four peaks in the range from 1,200 to 1,400 cm−1 are
smoothed into two peaks. This effect can be reduced by
shortening the window size but may result in insufficient
noise reduction. Although ALWT and DWT have similar
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TABLE 3 Denoising results comparison using above mentioned
methods on simulated spectra
Spectrum y1

Spectrum y2

Spectrum y3

eSNR
(dB)

eSNR
RMSE (dB)

eSNR
RMSE (dB)

RMSE

Proposed
method

37.07

0.86

31.38

1.66

28.03

2.44

First order
SG

28.55

2.31

27.44

2.61

26.26

3.00

Second
order SG

31.98

1.55

29.90

1.97

27.87

2.50

Third
order SG

31.98

1.55

29.90

1.97

27.87

2.50

DWT

36.85

0.88

31.11

1.71

27.79

2.50

Note. eSNR = estimated signal‐to‐noise ratio; RMSE = root mean square
error; SG = Savitzky–Golay; DWT = discrete wavelet transform.

performance from visualization, ALWT has a better eSNR
and RMSE value. It suppresses noise effectively while the
peak heights are well retained. The evaluation of these
methods using the two introduced criteria also demonstrates the effectiveness of the proposed method. From
Table 3, it can be recognized that ALWT denoising has
the highest eSNRs and the lowest RMSEs in all the three
simulations. The performance of DWT ranks second. The
second and third order SG filters have almost the same
performance, whereas the first order SG filter has the
poorest performance. These results indicate that the
ALWT denoising algorithm is able to effectively deal with
random noise (even with a considerably high‐level noise)
presented in Raman spectra.

4.2 | Experimental spectra

FIGURE 6 Denoising result comparison of simulated spectra
between adaptive lifting wavelet transform (ALWT) denoising
algorithm and first, second, and third order Savitzky–Golay (SG)
filter, and discrete wavelet transform (DWT) without additional
lifting (lines are offset for visualization). (a) Simulation y1 with 10%
noise level (compared with the lowest Raman peak); (b) simulation
y2 with 20% noise level; (c) simulation y3 with 30% noise level.
Legends of lines: cyan line—original signal, red line—result of
ALWT denoising algorithm, green line—first order SG filter, blue
line—second order SG filter, yellow line—third order SG filter, and
black line—DWT (base wavelet without additional lifting). ALWT
and DWT denoising results are placed together for comparison
(bottom lines in each subplot) [Colour figure can be viewed at
wileyonlinelibrary.com]

The ALWT denoising algorithm was also applied to a set
of Raman spectra taken from swine fatty tissue. After
performing ALWT denoising, the spectra were truncated
to the range of 560 to 3,400 cm−1. The three original spectra and denoising results using different methods mentioned above are shown in Figure 7. The window size of
SG filters was set to 35 data points to ensure a comparative smoothness of resulting spectra. The parameters used
in the GA searching process are the same as presented in
Table 2.
After performing the multi‐objective GA searching,
the optimal parameters for the three real spectra were
found. For s1 (90‐mW laser power), the decomposition
level j = 7, maximum Laurent polynomial degree
D = 0, and the coefficients of Laurent polynomial are
[−0.494, 0.05, −0.15, 0.364]; for s2 (60‐mW laser power),
j = 8, D = 0, and the coefficients of Laurent polynomial
are [−0.768, −0.163, −0.297, 0.308]; for s3 (30‐mW laser
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power), j = 7, D = 1, and the coefficients of Laurent polynomial are [0.229, −0.566, −0.24, −0.279]. Simply from
visual inspection, it can be observed that the proposed
method shows great effectiveness in suppressing random
noise while preserving the informative Raman peaks in
real spectra. The results of SG filters show different levels
distortions of Raman peaks throughout the whole range
due to long window size to suppress noise.
The results in terms of the two evaluation criteria are
given in Table 4. The ALWT denoising algorithm has the
best performance (highlighted in the table) as expected. It
has the highest eSNR values and the lowest RMSEs in all
experimental spectra. These results are consistent with
those of simulated spectra and validate the noise reduction potential of the proposed method in real Raman
spectra. Compared with DWT, with the primal ELS added
to the lifting scheme of base wavelet, ALWT denoising is
TABLE 4 Denoising results comparison using above mentioned
methods on real spectra
Spectrum s1

Spectrum s2

Spectrum s3

eSNR
(dB)

eSNR
RMSE (dB)

eSNR
RMSE (dB)

RMSE

Proposed
method

27.58

31.20

25.25

28.49

16.94

35.68

First order
SG

15.76

118.64 18.61

60.39

13.06

54.99

Second
order SG

22.55

55.97

24.87

29.95

16.90

36.75

Third
order SG

22.55

55.97

24.87

29.95

16.90

36.75

DWT

27.32

32.13

24.69

30.19

16.56

36.99

Note. eSNR = estimated signal‐to‐noise ratio; RMSE = root mean square
error; SG = Savitzky–Golay; DWT = discrete wavelet transform.

FIGURE 7 Denoising result comparison of Raman spectra of
swine fatty tissue between adaptive lifting wavelet transform
(ALWT) denoising algorithm and first, second, and third order
Savitzky–Golay (SG) filter, and discrete wavelet transform (DWT)
without additional lifting (lines are offset for visualization). (a) s1,
90‐mW laser power; (b) s2, 60‐mW laser power; (c) s3, 30‐mW laser
power. Legends of lines: cyan line—original signal, red line—result
of ALWT denoising algorithm, green line—first order SG filter, blue
line—second order SG filter, yellow line—third order SG filter, and
black line—DWT (base wavelet without additional lifting). ALWT
and DWT denoising results are placed together for comparison
(bottom lines in each subplot) [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 8

Example spectra within the bladder tissue dataset
[Colour figure can be viewed at wileyonlinelibrary.com]
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third order SG filters, and DWT without additional lifting
are 71.4%, 70%, 72.3%, and 74.1%, respectively. As expected,
ALWT and DWT have a better performance over SG filters.
The PCA score plots of ALWT and DWT denoised data are
provided in Figure 9. A slightly better clustering of bladder
tissue pathologies can be observed in the score plot of
ALWT denoising compared with DWT denoising. This
can be attributed to ELS of ALWT denoising, which create
more suitable wavelet filters from the base wavelet.
ALWT denoising is an adaptive denoising method.
Due to the procedure of GA searching, the computing time
is much longer than other methods, which used fixed
parameter settings. Besides, the length of input vector of
GA searching and its searching range can significantly
influence the computing time. Although the computing
time may be longer, its performance in dealing with
dataset with high‐level noise can be much better. Thus,
the selection between ALWT and other noise reduction
methods depends on the data under investigation and
the result that one expect.

5 | C ON C L U S I ON

FIGURE 9

Principal component analysis score plots: (a) data
denoised by discrete wavelet transform (without additional lifting);
(b) data denoised by adaptive lifting wavelet transform.
PC = principal component [Colour figure can be viewed at
wileyonlinelibrary.com]

adaptive to data under investigation and suppresses noise
more efficiently.

4.3 | Classification dataset
A bladder tissue spectral dataset with high‐noise level
was selected to demonstrate the performance of ALWT
denoising on a classification problem. Example spectra
of bladder tumor tissue and normal bladder tissue are
shown in Figure 8. The above mentioned noise reduction
methods were first applied on the dataset, and then, the
same preprocessing procedures described in Section 3.3
were applied. PCA‐LDA models were trained and validated with 10‐fold cross‐validation.
Consistent with previous results on simulated and
experimental spectra, the PCA‐LDA model using ALWT
denoising has the highest overall prediction accuracy
(82.1%). The prediction accuracies using first, second, and

In this paper, we propose an ALWT denoising method for
random noise suppression in Raman spectra. Compared
with DWT, ALWT allows users to develop desired wavelet
lifting scheme that suits the spectral data at hand from a
chosen base wavelet. The newly developed lifting scheme
is adaptive to the characteristics of the Raman spectral
under investigation. The proposed method was tested by
a set of simulated spectra with various noise level, a set of
experimental Raman spectra taken from swine fatty tissue,
and a classification dataset. Its performance was then compared with commonly used denoising methods in Raman
spectroscopy. The results show that the ALWT denoising
algorithm has the optimal performance among these
methods. This algorithm is also simple to apply, which
makes it a reliable tool in the preprocessing procedure
within Raman data analysis. A point need to be noticed is
that this method relies on GA searching. A better result is
expected with a more suitable parameter searching range.
Fast algorithm in improving the calculation speed of
ALWT denoising will be studied in the future.
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