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Current research extensively explores denoising strategies, essential for advancing optical 

modulated spectroscopy. Traditional approaches primarily address either noise or trend 

(baseline) elimination. However, our study innovatively tackles both aspects concurrently, 

offering robust solutions even in scenarios characterized by low Signal-to-Noise Ratio 

(SNR) and substantial trend amplitudes. Notably, this research addresses the Raman 

spectrum, which inherently does not necessitate smoothing for noise reduction. We 

introduce a novel trend removal algorithm, leveraging local variance estimates and cubic 

spline interpolation for effective trend identification and elimination. This paper also 

presents a comparative analysis of five prevalent denoising techniques: wavelet denoising, 

moving average filtering, median filtering, threshold calculation, and Fast Fourier 

Transform (FFT) filtering. Furthermore, we rigorously investigate whether trend elimination 

is more effective when applied before or after the denoising process to optimize 

performance. The proposed algorithm is faster, more accurate, and less complex than 

Kandjani’s method, marking a notable advancement in the field. 
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1. INTRODUCTION

In communication systems, noise poses a significant 

challenge, as it may distort the form and components of 

signals. To effectively detect signals marred by such 

distortions, there is a pressing need for highly sensitive 

receivers and sophisticated smoothing algorithms. In this 

context, spectroscopic technology has emerged as a pivotal 

analytical tool for noise mitigation. Spectroscopy, 

fundamentally, involves the study of the interaction between 

matter (particles with rest mass) and emitted energy. The data 

obtained from spectroscopy is typically represented through a 

spectrum, which is defined as the intensity response to varying 

frequencies [1]. 

Raman spectroscopy, the focus of this study, offers several 

advantages. It is versatile, applicable to both solids and liquids, 

non-destructive, and capable of rapid data acquisition. Despite 

these benefits, Raman spectroscopy has limitations. It is not 

suitable for use with metals or alloys, and there is a risk of 

sample damage due to high laser radiation heating. Moreover, 

the presence of contaminants in the sample may lead to 

fluorescence that obscures the Raman spectrum [2, 3]. 

Consequently, Raman spectra can be compromised by noise 

and trends (often referred to as background noise), especially 

pertinent in biological applications where low SNR and large-

magnitude trends are common. 

Noise in Raman spectra can be categorized into two types: 

fixed-pattern noise, also known as trend, and variable-pattern 

noise. Distinguishing these noise types from the primary signal 

is crucial for accurate interpretation. Mathematically, a 

sampled signal in this context can be represented as follows 

[4]: 

𝑆 = (𝑝𝑠 + 𝑇) + 𝑁 (1) 

where, 𝑝𝑠, 𝑇, and 𝑁 refer to the noiseless signal without trend,

the trend, and the noise, respectively. 

Fixed-pattern noise, often referred to as 'trend' or 

'background', predominantly arises from the auto-fluorescence 

of impurities in biological samples. This noise type is 

characterized by its low-frequency components that are 

superimposed on the transmitted signal. Various forms of 

trends exist, including linear, sinusoidal, sigmoidal, square, or 

rectangular patterns [5]. 
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In Raman spectroscopy, the Raman spectrum represents the 

scattered Raman radiation as a frequency deviation from the 

incident radiation. The presence of a trend can significantly 

complicate the detection process within the main spectrum.  

The primary research problem addressed in this paper is 

concerned with the inadequacy of traditional denoising 

strategies in optical modulated spectroscopy, especially in the 

context of low SNR and significant trend amplitudes. 

Traditional methods tend to focus on either noise or trend 

elimination, but not both, simultaneously. This gap in the 

research becomes particularly pronounced when dealing with 

complex spectra like the Raman spectrum, which, due to its 

unique properties, does not benefit from conventional 

smoothing techniques for noise reduction. The motivation for 

this study stems from the urgent need for more sophisticated 

and integrated approaches that can effectively handle both 

noise and trend disruptions in spectral data. This is crucial for 

enhancing the accuracy and reliability of spectroscopic 

analysis, which has widespread applications in various 

scientific and industrial fields. 
 

1.1 Paper contributions 
 

Innovative integrated approach: This paper introduces a 

novel algorithm that concurrently addresses both noise and 

trend removal in optical modulated spectroscopy. By doing so, 

it fills a significant gap in existing spectroscopic analysis 

techniques. 

Advanced trend removal algorithm: We have developed an 

advanced trend removal algorithm that depends on local 

variance estimates and cubic spline interpolation. This 

approach is particularly effective for identifying and 

eliminating trends without compromising the integrity of the 

spectral data. 

Comparative analysis of denoising techniques: The paper 

presents an exhaustive comparative analysis of five prevalent 

denoising techniques – wavelet denoising, moving average 

filtering, median filtering, thresholding, and FFT filtering. 

This comparison provides valuable insights into the strengths 

and weaknesses of each technique in different spectroscopic 

scenarios. 

Optimization of trend elimination: A significant 

contribution of this research is the investigation of the optimal 

sequence of trend elimination in relation to the denoising 

process. This analysis is critical for maximizing the 

effectiveness of the denoising strategy. 

Demonstrated superiority in performance: The proposed 

algorithm has a significantly lower error rate compared to 

existing algorithms, marking a substantial advancement in the 

field of optical modulated spectroscopy. 

In summary, the research presented in this paper not only 

tackles a crucial problem in spectroscopic analysis, but also 

provides a comprehensive and effective solution that has the 

potential to significantly advance the field. 

This paper is systematically organized to facilitate a clear 

understanding of our research. Section 2 delineates the 

problem formulation, laying the groundwork for our study. In 

Section 3, we introduce our proposed solution, focusing on the 

methodologies for removing trends and the underlying 

concepts of various denoising techniques. Section 4 presents 

the results derived from applying trend removal techniques to 

a simulated signal, both before and after the denoising process. 

This comparative analysis illuminates the effectiveness of our 

techniques. Finally, Section 5 offers concluding remarks, 

summarizing our findings and highlighting their implications 

in the broader context of spectroscopic analysis. 
 

 

2. LITERATURE REVIEW 
 

The application of a Trend Correction Method (TCM) 

becomes imperative for accurate analysis of spectra. TCM 

algorithms can be categorized into two distinct groups based 

on the nature of the information extracted from the original 

signals. The first group encompasses algorithms that require 

an understanding of the background, the blurring effect, and 

noise. These algorithms typically engage with signals by 

utilizing knowledge about signal components such as 

background shape, position, and Signal-to-Noise Ratio (SNR). 

Included in this category are methods like the median filtering 

method, Signal Removal Method (SRM), and Threshold-

Based Classification (TBC) [5, 6]. 

The second group of TCMs is predicated on knowledge 

about the frequencies of signal components. It is well 

understood that noise and background exhibit distinct 

characteristics: noise generally manifests as a high-frequency 

phenomenon, whereas the background is characterized by 

low-frequency components within the signal. Signal 

processing techniques in this category include the Fourier 

Transform (FT) [7] and the Wavelet Transform (WT) 

techniques [8]. 

The challenge of background (trend) interference in 

spectroscopic analysis can be addressed through various 

algorithms. A notable approach combines the Signal Removal 

Method (SRM) and the Continuous Wavelet Transform 

(CWT) technique, as developed by Kandjani et al. [9]. In this 

approach, the initial step involves utilization of CWT to 

compute the second derivative of the noisy signal, thereby 

identifying signal peak positions in the experimental spectrum. 

Subsequently, the SRM is applied to discern the trend, which 

is then subtracted from the original spectrum. This process 

effectively corrects the signal by removing peak components 

of the spectrum and fitting the remaining spectrum. 

Another significant contribution by Schulze et al. [10] 

introduced an automated baseline-removal method for Raman 

spectra, specifically addressing sloping baselines. This method 

employs an Automated and model-free Baseline Estimation 

(ABE) procedure, remarkably requiring minimal human 

intervention. The efficacy of ABE is monitored using the v2-

statistic, which serves as a computational stopping condition 

based on a zero-order Savitzky–Golay filter. However, this 

approach has limitations, particularly in correcting baselines 

with significant curvatures. This often necessitates smaller 

filter windows, leading to peak erosion, and in some cases, the 

occurrence of undesired local minima at a maximum window 

size, resulting in incomplete baseline removal. Additionally, 

edge artifacts present a challenge. 

In the realm of noise reduction, spatial filters like mean and 

median filters are common. Nonetheless, these filters tend to 

smooth data, which may be a drawback in preserving signal 

integrity. The wavelet transform, known for its multi-

resolution capabilities, emerges as a superior tool in signal and 

image processing. Its advantages, such as sparsity and multi-

resolution structure, make wavelet denoising more effective 

than other image denoising techniques. Over the past two 

decades, as the wavelet transform gained popularity, various 

denoising techniques in the wavelet domain were introduced, 

leading to the preference of the wavelet transform domain over 

time and frequency domains [11].  
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(a) Denoising before trend removal (b) Denoising after trend removal 

 

Figure 1. Block diagram of the proposed algorithm 
Note: ps, T and N refer to the noiseless signal without trend, trend, and noise, respectively. S is the distorted signal (the sum of them) 

 

 

3. METHODOLOGY  

 

In the realm of spectroscopic analysis, the challenge of 

effectively removing both noise and trends from spectral data 

is complex. Our proposed methodology synergizes various 

denoising techniques to simultaneously address noise and 

trend distortions in the same dataset. A key aspect of our 

approach involves determining the optimal sequence of noise 

and trend removal by comparing Mean Square Error (MSE) 

values. 

We employed five distinct denoising strategies: wavelet 

denoising, moving average filtering, median filtering, 

thresholding and FFT filtering. Each strategy is tailored to 

effectively mitigate noise interference. Concurrently, our trend 

removal approach is centered around precise local variance 

measurements on spectrum points. A variance value exceeding 

a predefined threshold indicates a peak, which is then targeted 

for removal. Subsequent to peak elimination, cubic spline 

interpolation is applied to these vacated spaces to discern the 

underlying trend. The final step involves subtracting the 

estimated trend from the distorted spectrum to yield a 

corrected spectrum. 

To evaluate the efficacy of each strategy, we calculated the 

MSE for scenarios where trend removal was applied either 

before or after denoising of the signal. Additionally, to 

enhance the accuracy of our results, all negative spikes 

observed in the corrected spectrum during simulations were 

clipped. 

Our proposed algorithm is visually represented in Figure 1. 

Figure 1(a) illustrates the application of denoising prior to 

trend removal, while Figure 1(b) demonstrates the inverse 

sequence, applying denoising subsequent to trend removal. 

 

 

4. TREND AND DENOISING CONCEPTS 

 

4.1 Proposed algorithm for removing trend  

 

Initially, to simulate Raman spectral peaks, we utilized a 

Gaussian function, defined as follows: 

 

𝑓(𝑥) = 𝑎. 𝑒
(
−0.5(𝑥−𝑐)2

𝜎2 )
 (2) 

 

where, a represents the intensity, while c and σ denote the 

mean and variance of the Gaussian peak, respectively. 

Subsequently, we introduced three distinct types of trends for 

analysis. Figure 2 shows the original spectrum. 

 
Figure 2. Original spectrum 

 

4.1.1 Linear trend 

The first type, namely linear trend, is mathematically 

expressed as: 

 

 

In this equation, a signifies the slope of the linear trend, and 

b is a constant. The graphical representation of this linear trend 

𝑇𝑟𝑒𝑛𝑑 = 𝑎. 𝑥 + 𝑏 (3) 
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is illustrated in Figure 3(a). 

 

4.1.2 Sigmoidal trend 

The next type of trend analyzed in our study is the sigmoidal 

trend, defined by the following equation: 
 

𝑇𝑟𝑒𝑛𝑑 =
1

1 + 𝑒𝑥𝑝(−𝑎(𝑥 − 𝑐))
𝐼 + 𝑂 (4) 

 

where, a determines the gradient at the inflection point, c 

specifies the location of the inflection point, I acts as an 

intensity controller, and O represents the offset. This trend is 

graphically illustrated in Figure 3(b).  

 
(a) Linear trend 

 
(b) Sigmoidal trend 

 
(c) Sinusoidal trend 

 

Figure 3. Spectrum with a) Linear trend, b) Sigmoidal trend, 

and c) Sinusoidal trend 

4.1.3 Sinusoidal trend 

The third type is the sinusoidal trend, which mimics the 

shape of a sinusoidal wave. This form is frequently 

encountered, and it is mathematically expressed as: 
 

𝑇𝑟𝑒𝑛𝑑 = 𝑥1.5 sin(
𝑥

𝑎
). 𝐼 + 𝑂 (5) 

 

where, a modulates the frequency, while I and O control the 

intensity and offset, respectively. Noise in our study is 

considered as white Gaussian noise, added in accordance with 

the calculated SNR in decibels. Figures 3(a)-(c) collectively 

depict the three types of trends assumed in our analysis. 

In our methodology, the estimation of the trend involves a 

two-step process. First, we apply local variance estimation to 

accurately identify the peak locations. Variance, as a statistical 

measure, quantifies the degree of spread in a set of data points. 

A variance of zero indicates uniformity, with all values being 

identical. Conversely, a small variance value indicates that the 

data points are closely clustered around the mean or expected 

value, revealing minimal spread. On the other hand, a high 

variance value implies a significant dispersion of data around 

the mean, indicating a wider spread. 

Upon determining the peak locations, the next step involves 

cubic spline interpolation. This technique is employed to 

effectively reconstruct the data points in the regions where 

peaks were identified and subsequently removed. By doing so, 

we ensure a smooth transition and continuity in the data, 

facilitating a more accurate trend estimation. The application 

of this two-step approach in trend estimation and elimination 

is illustrated in Figure 4. 

 

 
 

Figure 4. Variance of data segment (x) 

 

The process of estimating the local variance for a signal, 

denoted as x(n), is a crucial aspect of our methodology. This 

estimation is articulated through the following mathematical 

expression [12]:  

 

( )
2

2 1
ˆ( ) ( ) ( )

(2 1)
ˆ

n K

x
k n K

n x k x n
K


+

= −

= −
+

  (6) 

 

where, the term (2K+1) represents the number of samples 

within a short segment, which is utilized for variance 

estimation. Additionally, the local mean of the signal, 

represented as 𝑥̂(𝑛), plays a pivotal role in this calculation. 

The expression for the local mean is defined as: 
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1
ˆ( ) ( )

(2 1)

n K

k n K

x n x k
K

+

= −

=
+

  (7) 

 

In the context of Raman spectroscopy, estimating the local 

variance of a spectrum on a point-by-point basis is pivotal. 

Large variance values typically indicate the presence of spikes 

or peaks, which are integral to identify and remove for 

accurate trend estimation. Following the removal of these 

spikes, interpolation is employed to reconstruct the peak 

positions. 

Interpolation, in its essence, is the process of making an 

informed estimation about unknown values within a set of 

known data points. It can also be described as a model-based 

method for recovering continuous data from discrete data 

within a defined range of the abscissa. In the field of digital 

signal processing, interpolation is often treated as a digital 

convolution operation, which can be efficiently executed using 

a digital filtering approach. 

Spline interpolation, a form of polynomial interpolation, is 

particularly advantageous in our analysis. The interpolant in 

spline interpolation is a piecewise polynomial known as a 

spline. We opted for spline interpolation over traditional 

polynomial interpolation due to its lower interpolation error, 

even when utilizing low-degree polynomials for the spline. 

Furthermore, spline interpolation effectively circumvents the 

issue of Runge's phenomenon, a problem typically associated 

with high-degree polynomial interpolation [13]. The structural 

formation of a spline is depicted in Figure 5. 

To understand the calculations in spline interpolation, let us 

delve into its formulation. The spline interpolation of a data 

sequence can be mathematically represented as follows [13]: 

 
ˆ( ) ( ) ( )n

k kk Z
f x c x x x


= −  (8) 

 

where, 𝛽(𝑥) denotes the interpolation basis function. Here, x 

and 𝑥𝑘  represent continuous and discrete spatial distances, 

respectively. The terms 𝑐(𝑥𝑘)  are referred to as the 

interpolation coefficients, which must be estimated before 

proceeding with the interpolation process. The basis function 

specific to cubic spline interpolation is given by: 

 

( )

3

2

3

3

2
0 1

3 2

2
1 2

6

0 2

x
x         x

x
β (x)                 x

                             x


− +  




−
=  







 
(9) 

 

From Eqs. (8) and (9), we obtain: 

 

1

3 3 3 3

3 3 3

3 3 3

1 2

ˆ( ) ( )

(3 ) 4(2 ) 6(1 ) 4 / 6

( ) (2 ) 4(1 ) 6 / 6

( ) (1 ) 4 / 6 ( ) / 6

k

k

k k

f x c x

s s s s

c x s s s

c x s s c x s

−

+ +

=

 + − + + + − 

 + + − + + 

 + + − + 

 (10) 

 

where, s is a distance represented as follows: 

 

ks x x= −  (11) 

During the simulation, we continuously estimate variance 

point-by-point until a spike is detected. Upon identifying a 

spike, the estimation process is temporarily halted to facilitate 

the spike removal. Once the spikes are removed, cubic spline 

interpolation is applied to the resulting vacant locations. This 

step allows us to accurately estimate the trend shape and 

amplitude. Subsequently, the estimated trend is subtracted 

from the original Raman spectra to obtain the final corrected 

spectra [14]. 

 

 
 

Figure 5. Spline shape 

 

4.2 Basics of denoising techniques 

 

Variable pattern noise in signal processing can generally be 

categorized into two models: additive and multiplicative. In 

the additive noise model, the noise is inherently additive, a 

characteristic commonly observed in Raman spectra noise 

[15]. This paper delves into various noise reduction and 

removal techniques, including wavelet denoising, moving 

average filtering, median filtering, and thresholding. These 

methodologies will be explored in detail in the subsequent sub-

sections, each tailored to address the nuances of additive noise 

in Raman spectra.  

 

4.2.1 Wavelet denoising 

The process of noise removal using wavelets begins with 

the decomposition of the noisy signal into wavelet 

coefficients, which include both approximation and detail 

coefficients. After this decomposition, the detail coefficients 

undergo modification, which is governed by a thresholding 

function. This requires the selection of an appropriate 

threshold value. The final step in this process is the 

reconstruction of the signal by applying the inverse wavelet 

transform to the modified coefficients [16]. 

Two types of thresholding functions are commonly 

employed in this context: hard and soft thresholding [14, 15, 

17]. The hard thresholding function retains the input value 

only if it exceeds the threshold, setting all other values to zero 

as illustrated in Eq. (12). In contrast, the soft thresholding 

function is illustrated in Eq. (13). 

 

( )

0

hard

x x TH

f x

x TH

 


= 
 

 (12) 

 

/ 22
( )

/ 22

/ 20

soft

x THx

TH x THx TH
f x

TH x THTH x

x TH




 −
= 

−   −+
 

 
(13) 
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where, TH denotes the threshold value, and x represents the 

coefficients of the high-frequency components of the DWT.    

 

4.2.2 Moving average filter 

The moving average filter serves as an effective smoothing 

tool for data processing. Its implementation is based on a 

straightforward characteristic function, which can be 

mathematically represented as follows [18]: 

 

𝐻(𝑧) = (𝑧 + 1 + 𝑧−1)/3 (14) 

 

4.2.3 Median filter 

Median filtering represents a form of nonlinear signal 

smoothing, primarily aimed at mitigating signal spikes 

induced by impulsive noise. In the median filtering process, an 

odd number of signal samples can be collected and organized 

in a specific order. The median value, which is the middle 

value after sorting, is then extracted. For a median filter with 

a length 𝑁 = 2𝐾 + 1 , the output of the filter can be 

mathematically expressed as follows [19, 20]: 

 

( ) ( ) ( ) ( ),..., ,...,Y n MED X n K X n X n K = − +   (15) 

 

where, 𝑋(𝑛) and 𝑌(𝑛) represent the nth sample of the input 

and output sequences, respectively. 

It is important to note that this form of median filtering is 

non-recursive. This means that the estimate of the median 

filter output at any given sample time is independent of 

previous outputs of the median filter. However, there exists 

another variant of median filtering, known as recursive median 

filtering. For a recursive median filter with a window length 

𝑁 = 2𝐾 + 1, the output is defined as [17]:       

 

( ) ( ) ( )

( ) ( ) ( )

, 1 ...,

1 , ,...,

Y n MED Y n K Y n K

Y n X n X n K

= − − +

− + 

 (16) 

 

This recursive process incorporates a type of feedback 

mechanism, which is found to be more effective in noise 

reduction. 

 

4.2.4 Thresholding method 

The soft thresholding function is a valuable tool for 

denoising and can be effectively applied within a transform-

domain representation. A critical aspect of this application is 

the orthogonality of the transform. When the transform is 

orthogonal, the noise in the transform domain retains the same 

correlation function as that of the original noise present in the 

signal domain. Consequently, this means that when the 

transform is orthogonal, white noise observed in the signal 

domain is equivalently transformed into white noise in the 

transform domain. This orthogonality is essential for the 

effective functioning of the soft thresholding function in noise 

suppression. The process of noise suppression using the soft 

thresholding function in the transform domain relies on the 

maximum function, as detailed in reference [21].  

 

F1d= F1×abs (F1)/max (abs (F1)) (17) 

 

where, F1 is the noisy signal and F1d is the corrected signal.  

Then, the noise variance is varied from 0 to 1 by a step of 

0.1, and the MSE is estimated every time according to the Eq. 

(18) [22]: 

 
2

1

1 ( )
n

c

i

MSE
n

x x
=

= −  (18) 

 

where, x is the original signal with length 𝑛  and 𝑥𝑐  is the 

corrected signal. 

 

4.2.5 FFT filter 

The Fourier filtering methods utilize the Fourier transform, 

a pivotal tool that decomposes a signal into its constituent 

frequency components. By strategically removing high-

frequency components, these methods can effectively achieve 

denoising. In a continuous-time context, the process can be 

represented as follows [23]: 

 

𝑓𝑑𝑒𝑛(𝑡) = 𝐹−1(𝐹{𝑓(𝑡)}. 𝑋𝐴(𝑓)) (19) 

 

In this equation, F symbolizes the Fourier transform, and XA 

is the characteristic function of the set A. The parameter 𝜆 

represents the cut-off frequency, which is a crucial factor in 

determining which frequency components are to be filtered out 

in the denoising process. 

 

 

5. RESULTS AND DISCUSSION  

 

For the experimental procedures in this study, MATLAB 

version 7.10 (R2020b) software was employed on the MS 

Windows platform. During the simulation process, it is 

assumed that spikes have sharp transitions. In case of spikes, 

the sharp transition leads to a large sudden change in variance 

value. A variance threshold larger than 0.1 can be considered 

to represent this step change. We continuously estimated 

variance on a point-by-point basis across the distorted 

spectrum. Upon detecting a spike, the estimation process is 

temporarily halted to facilitate spike removal, after which the 

process resumes. After the removal of these spikes, cubic 

spline interpolation is applied to the vacated positions to 

estimate the trend shape and amplitude. This estimated trend 

is then subtracted from the original Raman spectrum. 

 

5.1 Denoising before trend removal  
 

5.1.1 Wavelet denoising results 

Consider a hypothetical scenario involving a distorted 

spectrum characterized by Gaussian noise and a linear trend, 

as depicted in Figure 6(a). Here, wavelet denoising is 

employed for noise removal. Subsequently, the trend is 

estimated using our proposed method of variance estimation 

and cubic spline interpolation, as illustrated in Figure 6(b). The 

subtraction of this estimated trend yields the corrected 

spectrum, shown in Figure 6(c). 

Similarly, the results for a spectrum with a sigmoidal trend 

are presented in Figures 6(d)-(f). In this case, an erroneous 

peak is observed at the step change of the sigmoidal function. 

Lastly, the results for a spectrum with a sinusoidal trend are 

displayed in Figures 6(g)-(i), where the corrected spectrum 

appears to be more refined and pure. 
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(a) Distorted spectrum 

 
(b) Estimated trend 

 
(c) Corrected spectrum 

 
(d) Distorted spectrum 

 
(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 
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(i) Corrected spectrum 

 

Figure 6. Wavelet denoising before trend removal results with noise variance = 0.1  
Note: (a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

 
(a) Distorted spectrum 

 
(b) Estimated trend 

 
(c) Corrected spectrum 

 
(d) Distorted spectrum 

 
(e) Estimated trend 

 
(f) Corrected spectrum 
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(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 7. Moving average filter denoising before trend removal results with noise variance = 0.1  
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

 
(a) Distorted spectrum 

 
(b) Estimated trend 

 
(c) Corrected spectrum 

 
(d) Distorted spectrum 
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(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 8. Median filter denoising before trend removal results with noise variance = 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

5.1.2 Moving average filter denoising results 

The results of linear trend removal, where the moving 

average filter was applied initially, are demonstrated in 

Figures 7(a)-(c). In this instance, the estimated spectrum 

revealed an erroneous spike. Similarly, the outcomes of 

sigmoidal trend removal with the moving average filter 

employed as the first step are shown in Figures 7(d)-(f). In this 

case also, an erroneous peak is evident in the spectrum, 

coinciding with the step change in the sigmoidal function. 

Additionally, the results of sinusoidal trend removal, with the 

moving average filter as the primary intervention, are shown 

in Figures 7(g)-(i). In this scenario, one of the erroneous spikes 

was detected in the estimated trend, and it can be attributed to 

the residual noise within the spectrum, potentially leading to 

inaccuracies in local variance estimation. The overall 

performance in this case was observed to be lower than that of 

the wavelet denoising case. 

 

5.1.3 Median filter denoising results 

The results obtained with median filtering for noise 

reduction, followed by linear trend removal, are presented in 

Figures 8(a)-(c). These results indicate that the linear trend 

was effectively removed. In contrast, the outcomes of the 

sigmoidal trend removal with the median filter applied as the 

initial step are shown in Figures 8(d)-(f). Here, an erroneous 

peak is still observable in the spectrum, specifically at the 

point of the sigmoidal function step change. Furthermore, the 

results of sinusoidal trend removal with the median filter as the 
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primary step are illustrated in Figures 8(g)-(i). In this case, 

there appears to be an increase in the amplitude of the wave in 

the estimated curve. Despite this observation, it is important to 

note that the overall performance in spike detection is still low. 

 

5.1.4 Thresholding results 

The results achieved through the application of the 

thresholding method for noise reduction after trend removal 

are displayed in Figures 9(a)-(c). Similarly, the outcomes with 

sigmoidal trend removal are shown in Figures 9(d)-(f). 

Moreover, the results with sinusoidal trend removal are 

illustrated in Figures 9(g)-(i). Upon analysis, it is evident that 

this approach yields the lowest performance in terms of 

spectrum detection. Notably, there are two spikes that are lost 

in the corrected spectrum. This observation underscores the 

inadequacy of the thresholding method in fully removing the 

sinusoidal trend, highlighting its limitations in certain trend 

removal applications. 

 

5.1.5 FFT filtering results 

In this study, the FFT filtering method was applied for noise 

reduction after trend removal. The results for linear trend 

removal are illustrated in Figures 10(a)-(c). Additionally, the 

results for sigmoidal trend removal are presented in Figures 

10(d)-(f), and those for sinusoidal trend removal are shown in 

Figures 10(g)-(i). However, these results elucidate that 

removing linear and sinusoidal trends tends to be more 

straightforward compared to removing sigmoidal trends. The 

sigmoidal trend step-change characteristic contributes to a 

higher MSE value. The most favorable outcomes were 

observed in the case of sinusoidal trend removal, as indicated 

by the lowest MSE values.  
 

 
(a) Distorted spectrum 

 
(b) Estimated trend 

 
(c) Corrected spectrum 

 
(d) Distorted spectrum 

 
(e) Estimated trend 

 
(f) Corrected spectrum 
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(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 9. Thresholding method before trend removal results with noise variance = 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 
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(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 10. FFT denoising before trend removal results with noise variance = 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

 
(a) Wavelet de-noising 

 
(b) Moving average filter de-noising 
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(c) Median filter de-noising 

 
(d) Thresholding method de-noising 

 
(e) FFT filter de-noising 

 

Figure 11. MSE versus noise variance results for denoising techniques before trend removal 
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(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 12. Wavelet denoising after trend removal results with noise of variance 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

As shown in Figure 11, from the MSE perspective, the 

wavelet denoising technique did not exceed 2 in MSE, 

whereas the MSE reached higher levels of 35, 40, and even 

400 to 800 for the moving average filtering, median filtering, 

thresholding, and FFT filtering, respectively. Upon analysis, a 

noticeable degradation in spike detection performance was 

observed. Specifically, more than three spikes were lost in the 

corrected spectrum across the three studied types of trend. This 

highlights a particular deficiency in the removal of sinusoidal 

trends with the FFT filtering. 

 

5.2 Denoising after trend removal 

 

This subsection is dedicated to exploring the application of 

denoising subsequent to trend removal. This analysis is 

conducted using the same methodologies previously 

discussed. 

5.2.1 Wavelet denoising 

The results of applying wavelet denoising subsequent to 

linear trend removal are presented in Figures 12(a)-(c). These 

results clearly reveal that denoising after trend removal is not 

an effective approach in this context. Similarly, the outcomes 

of wavelet denoising following sigmoidal trend removal are 

shown in Figures 12(d)-(f). In this case, it is evident that 

denoising after trend removal results in lower performance 

compared to the approach in which noise is removed first. 

Lastly, the results of wavelet denoising after sinusoidal trend 

removal are illustrated in Figures 12(g)-(i). These findings 

indicate that for the sinusoidal trend case as well, the 

performance is suboptimal, especially when compared to the 

scenarios in which the trend removal was relatively simpler. 

 

5.2.2 Moving average filter 

The outcomes of applying the moving average filter after 

3217



 

linear trend removal are shown in Figures 13(a)-(c). Similarly, 

the results of using the moving average filter subsequent to 

sigmoidal trend removal are presented in Figures 13(d)-(f). 

Lastly, the results of employing the moving average filter 

following sinusoidal trend removal are illustrated in Figures 

13(g)-(i). In these scenarios, while the corrected spectrum 

successfully captures all the appropriate spikes, it is 

noteworthy that the amplitude of these spikes is influenced by 

the presence of residual noise to some extent. 

 

 

 
(a) Distorted spectrum 

 
(b) Estimated trend 

 
(c) Corrected spectrum 

 
(d) Distorted spectrum 

 
(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum  

(h) Estimated trend 
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(i) Corrected spectrum 

 

Figure 13. Moving average filter denoising after trend removal with noise of variance 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 
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(f) Corrected spectrum 
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(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 14. Median filter denoising after trend removal with noise of variance 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

5.2.3 Median filter  

The outcomes of implementing median filtering subsequent 

to linear trend removal are illustrated in Figures 14(a)-(c). 

Furthermore, the results of median filtering following 

sigmoidal trend removal are shown in Figures 14(d)-(f). 

Additionally, the results of median filtering after sinusoidal 

trend removal are presented in Figures 14(g)-(i). These results 

collectively demonstrate that despite the application of median 

filtering, some noise persists in the corrected spectrum, 

leading to a noticeable degradation in performance. 
 

5.2.4 Thresholding  

Figures 15(a)-(c) display the results obtained when 

thresholding is applied following linear trend removal. The 

outcomes of applying thresholding after sigmoidal trend 

removal are given in Figures 15(d)-(f). Additionally, Figures 

15(g)-(i) present the results of thresholding subsequent to 

sinusoidal trend removal. These results reveal a notable 

distortion in the corrected spectrum. It is observed that not 

only does some noise remain, but also the trend has not been 

completely removed, indicating a low efficacy of the 

thresholding process in these scenarios.  
 

5.2.5 FFT filter 

Figures 16(a)-(c) illustrate the results achieved using the 

FFT filter after linear trend removal. The outcomes of the FFT 

filter applied subsequent to sigmoidal trend removal are shown 

in Figures 16(d)-(f). Additionally, Figures 16(g)-(i) present the 

results of applying the FFT filter following sinusoidal trend 

removal. These results highlight a significant limitation: the 

FFT filter fails to effectively reconstruct spikes from the noisy 

spectrum in the cases of both linear and sinusoidal trends, 

indicating a shortfall in its denoising capability in these 

specific scenarios. 
 

 
(a) Distorted spectrum 

 
(b) Estimated trend 
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(c) Corrected spectrum 

 
(d) Distorted spectrum 

 
(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 

 
(i) Corrected spectrum 

 

Figure 15. Thresholding after trend removal with noise of variance 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 

 

 

3221



 

 
(a) Distorted spectrum 

 
(b) Estimated trend 
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(e) Estimated trend 

 
(f) Corrected spectrum 

 
(g) Distorted spectrum 

 
(h) Estimated trend 
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(i) Corrected spectrum 

 

Figure 16. FFT filter denoising after trend removal with noise of variance 0.1 
(a), (b), (c) are for linear trend; (d), (e), (f) are for sigmoidal trend; (g), (h), (i) are for sinusoidal trend 
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(b) Moving average filter de-noising 

 
(c) Median filter de-noising 

 
(d) Thresholding method de-noising 

 
(e) FFT filter de-noising 

 

Figure 17. MSE versus noise variance results for denoising techniques after trend removal 
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Figure 17 presents a comparative analysis from an MSE 

perspective, detailing the outcomes obtained for various trends 

using different denoising techniques. Interestingly, the results 

across all techniques are closely aligned. However, these 

figures indicate that the removal of linear and sinusoidal trends 

is generally more straightforward compared to the removal of 

sigmoidal trends. This complexity in removing sigmoidal 

trends is attributed to the step change inherent in their shape, 

resulting in large MSE values. Notably, the results for 

sinusoidal trend removal stand out as the most effective, as 

evidenced by the lowest MSE values achieved. The MSE for 

wavelet denoising remains below 60, whereas it escalates to 

400, 350, and 1000 for the moving average filter, median filter, 

and thresholding, respectively. In this context, the MSE is 

approximately tenfold higher than those in scenarios in which 

noise removal was prioritized. 

The analysis of these results shows that wavelet denoising 

is the most efficient among the tested denoising techniques, 

maintaining the lowest MSE values even under high noise 

deviations. It is apparent across all studied denoising 

techniques that sinusoidal trend removal is less challenging 

compared to other trend types (linear, sigmoidal), primarily 

because spline interpolation adeptly estimates sinusoidal 

trends. Conversely, the sigmoidal trend removal shows the 

highest error, largely due to the step change in the signal. 

Moreover, it is observed that applying denoising to a noisy 

spectrum before trend removal yields better results than 

applying trend removal first. These findings are systematically 

summarized in Tables 1-3, wherein the noise variance is 

consistently set at 0.1. 

 

Table 1. MSE for different denoising techniques before trend 

removal 

 

Denoising 

Technique 

MSE-

Linear 

Trend 

MSE-

Sigmoidal 

Trend 

MSE-

Sinusoidal 

Trend 

Wavelet denoising 0.09 0.58 0.08 

Moving average filter 0.31 0.83 0.36 

Median filter 0.83 5.06 0.80 

Thresholding 0.87 5.15 0.86 

FFT Filter 9.49 17.7 9.01 

 

Table 1 displays the MSE values for various denoising 

techniques implemented before trend removal. With the 

wavelet denoising technique, the MSE values for linear, 

sigmoidal, and sinusoidal trend removal are 0.09, 0.58, and 

0.08, respectively. The moving average filter shows MSE 

values of 0.31, 0.83, and 0.36 for linear, sigmoidal, and 

sinusoidal trend removal, respectively. With the median filter 

technique, the MSE values are 0.83, 5.06, and 0.80 for linear, 

sigmoidal, and sinusoidal trend removal, respectively. The 

thresholding technique reports MSE values of 0.87, 5.15, and 

0.86 for linear, sigmoidal, and sinusoidal trend removal, 

respectively. For the FFT filter technique, the MSE values for 

linear, sigmoidal, and sinusoidal trend removal are 

significantly higher, with values of 9.49, 17.7, and 9.01, 

respectively. The results across these techniques exhibit close 

proximities. 
 

Table 2. MSE for different denoising techniques after trend 

removal 
 

Denoising 

Technique 

MSE-

Linear 

Trend 

MSE-

Sigmoidal 

Trend 

MSE-

Sinusoidal 

Trend 

Wavelet denoising 0.65 0.85 0.65 

Moving average filter 2.5 4.9 1.2 

Median filter 1.16 1.7 1.10 

Thresholding 173 279 88.33 

FFT Filter 249 402 212 

 

Table 3. MSE for sinusoidal trend removal in the two cases 
 

Denoising 

Technique 

Denoising before 

Trend Removal  

Denoising after 

Trend Removal  

Wavelet 

denoising 
0.08 0.65 

Moving average 

filter 
0.31 1.2 

Median filter 0.80 1.10 

Thresholding 0.86 88.33 

FFT Filter 9.01 212 

 

Table 2 presents the MSE values for different denoising 

techniques applied after trend removal. The wavelet denoising 

technique yields MSE values of 0.65, 0.85, and 0.65 for linear, 

sigmoidal, and sinusoidal trend removal, respectively. The 

moving average filter technique shows MSE values of 2.5, 4.9, 

and 1.2 for linear, sigmoidal, and sinusoidal trend removal, 

respectively.  

 

Table 4. Comparison between Kandjani’s algorithm and the proposed algorithm 

 
Features Kandjani′s Algorithm [9] Proposed Algorithm 

Basic concept 
Coupling continuous wavelet transform with signal removal 

method. 

Local variance estimation and cubic spline 

interpolation. 

Processing 

time 

Long time (120 sec). 

(140-220 sec) with noise having variance = 0.1. 

Less time (12 sec) without noise. 

(50-70 sec) with noise having a variance = 0.1. 

RMS Error 
(0.1 to 0.2) without noise. 

(1 to 5) with noise having variance = 0.1. 

(0.001 to 0.0015) without noise. 

(0.08 to 1) with noise having a variance = 0.1 

(wavelet denoising technique). 

Advantages Smoothing-free algorithm. 

Smoothing-free algorithm. 

Complexity free. 

Less error and processing time. 

Disadvantages 

Many complicated calculations. 

Long processing time. 

The peaks overlap with each other when the distance between 

peaks becomes less than their width. 

RMSE increases with the increase in the number of peaks. 

If the peak amplitude is small, variance is small, and 

peaks get lost. 

Interpolation is not suitable for very wide peaks 

removed. 
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A detailed comparison between the proposed algorithm and 

Kandjani’s algorithm [9] is presented in Table 4. Kandjani’s 

algorithm, which combines continuous wavelet transform with 

signal removal method for trend removal, requires a large 

processing time of approximately 120 seconds without 

additive noise and 140-220 seconds with additive noise. In 

contrast, the proposed algorithm demonstrates more 

efficiency, requiring only about 12 seconds without additive 

noise and 50-70 seconds with additive noise. The MSE of 

Kandjani’s algorithm ranges from 0.1 to 0.2 without noise and 

1 to 5 with noise having a variance of 0.1, whereas the 

proposed algorithm exhibits a lower MSE of approximately 

0.001 to 0.0015 without noise and 0.08 to 1 with noise having 

a variance of 0.1 (specifically for the wavelet denoising 

technique with sinusoidal trend). 

Both algorithms are free of smoothing complexities, but the 

proposed algorithm stands out for its reduced error and less 

processing time. Kandjani’s algorithm, despite its 

effectiveness, is limited by its large processing time and the 

potential for peak overlap, when the distance between peaks is 

less than their width. In contrast, the proposed algorithm may 

encounter challenges in detecting peaks with small amplitude, 

small variance, or when the interpolation is not ideally suited 

for wide peaks that have been removed.  

 

 

6. CONCLUSIONS AND FUTURE WORK 

 

This paper presented a study of simultaneous denoising and 

trend removal, specifically focusing on the Raman spectrum. 

The choice of the Raman spectrum is due to its characteristics 

of low Signal-to-Noise Ratio (SNR) and trends with large 

magnitudes. A key finding from this study is that the wavelet 

denoising emerges as the most effective denoising technique 

across all the cases examined. Additionally, it has been 

observed that applying denoising to a signal prior to trend 

removal yields better results than conducting the trend 

removal, initially. Specifically, in the sinusoidal case, trend 

removal was found to be more straightforward compared to 

the sigmoidal and linear trend cases. The insights garnered 

from this study are particularly relevant and applicable in the 

fields of physics, chemistry, and biology. Given its broad 

applicability and effectiveness, this research is of considerable 

value, especially in developing regions such as countries in 

Africa, where such advanced analytical techniques can greatly 

enhance scientific and technological capabilities. 

•Limitations of this study 

Scope of spectrum types: While the study extensively 

explores the Raman spectrum, the application of the proposed 

denoising and trend removal techniques may have varying 

degrees of effectiveness on other types of spectra. Future 

studies could expand to include a wider range of spectrum 

types. 

Algorithm complexity: The proposed algorithm, especially 

with cubic spline interpolation, may involve computational 

complexities that could affect its efficiency in real-time 

applications. Furthermore, optimization of the algorithm could 

be explored to enhance its applicability. 

Noise variability: The study primarily focuses on scenarios 

with low SNR and trends with large magnitudes. The 

performance of the proposed techniques in situations with 

different noise characteristics, such as higher SNR or different 

noise types, needs to be thoroughly examined. 

Hardware limitations: The effectiveness of the proposed 

techniques in a real-world settings may be influenced by 

hardware capabilities. 

•Future work 

Broadening the spectrum range: Future research could 

investigate the application of the proposed algorithms to 

different types of spectroscopic data, such as infrared or 

ultraviolet spectra, to assess their versatility and adaptability. 

Algorithm optimization for real-time analysis: Developing 

more computationally efficient versions of the proposed 

algorithms would be valuable, especially for real-time spectral 

analysis applications. 

Exploring automated trend identification: Automating the 

process of trend identification could enhance the usability of 

the proposed techniques, making them more accessible to 

users without extensive technical expertise. 

Adaptation to different noise types and levels: Further 

research could focus on adapting the proposed techniques to 

handle a wider range of noise types and levels, ensuring 

broader applicability. 

Hardware-software integration: Investigating the 

integration of the proposed techniques with different types of 

spectroscopic hardware, particularly in resource-limited 

settings, would be crucial to enhance their practicality and 

accessibility. 

Cross-disciplinary applications: Exploring the application 

of these techniques in various scientific fields, such as 

environmental monitoring or medical diagnostics, could open 

new directions for research and development. 
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