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ABSTRACT 

               Raman spectroscopy is an effective optical analysis of the biochemically specific 

characterization of tissues without contrast agents or exogenous dyes. Applications of 

Raman spectroscopy include analysis and biomarker investigation, disease diagnosis and 

surgical guidance. One major challenge in Raman spectroscopy is removing inherent 

fluorescence background present in samples to acquire Raman signatures. In some tissues, 

like liver, kidney and darkly pigment skin, the auto-fluorescence background is strong 

enough to overwhelm the Raman peaks in conventional Near-Infrared (NIR) Raman 

systems. Recent publications have shown that using Raman systems with excitation 

sources with wavelengths beyond 830 nm and short-wave infrared (SWIR) InGaAs Array 

detectors resulted in dramatically reduced auto-fluorescence. The unique characteristics of 

Raman signals collected from SWIR systems versus NIR Raman systems requires 

inspection of the suitability of spectral pre-processing techniques. This thesis focused on 

the development of spectral processing techniques at three different steps; 1) detector 

background & noise reduction; 2) Auto-fluorescence background subtraction; 3) detection 

of outlier measurements to assist statistical classification. Detector background and noise 

reduction was compared between two different techniques, and a direct subtraction method 

resulted in better performance to reduce fixed pattern noise unique to InGaAs arrays. For 

the aim 2, three different algorithms for fluorescence background removal were developed, 

and a modified polynomial fitting method was found to be most appropriate for the low 

signal-to-noise (SNR) spectra. Finally, local outlier factor(LOF), a multivariate statistical 

outlier metric, was implemented in a two-stage fashion, and shown to be effective at 

identifying raw measurement errors and Raman spectra outliers. The overall outcome of 
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this thesis was the evaluation of spectral processing techniques for SWIR Raman 

spectroscopy systems, and the development of specific techniques to optimize data quality 

and best prepare spectra for statistical analysis. 
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CHAPTER 1 

 INTRODUCTION 

1.1 Cancer diagnosis 

Cancer remains one of the major causes of death in the world. In 2012, there were 

14.1 million new cases of cancer globally, which resulted in 8.2 million deaths [1]. 

According to a report by the International Agency for Research on Cancer (IARC), 21.7 

million new cases of cancer will occur in 2030 and 13 million people will die because of 

cancer that year. Currently, cancer is the second leading cause of death in the United States 

and due to environment changes and increased pollution, it is expected to increase 

dramatically in the next few decades [2]. With advances in therapy and improvement of 

techniques, cancer can now be treated by surgery, radiation therapy, and targeted therapy. 

However, there is no method to completely cure cancer. Therefore, the fast and accurate 

diagnosis of cancer becomes very important. The earlier the cancer can be identified, the 

higher chances of patient survival. The most common methods to diagnose cancers include 

biopsy, endoscopy, genetic testing, and optical spectroscopy. Among these methods, 

optical spectroscopy has developed rapidly because of its unique features. Optical 

spectroscopy is available in real-time and the spectrum charactistics are consitance between 

samples.  Addtionally, the spatial resolution of optical spectroscopy is high and this method 

is noninvasive. Most importantly, optical spectroscopy is available for multi-class 

diagnosis. This means that in addition todistinguishing between healthy and unhealthy 

samples, it can also identify different stages of disease progression.  
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1.2 Raman Spectroscopy 
There are different types of optical spectroscopy, such as diffuse reflectance 

spectroscopy, elastic-scattering spectroscopy, fluorescence spectroscopy and Raman 

spectroscopy. Raman spectroscopy is an effective optical analysis method of the 

biochemically specific characterization of tissues without contrast agents or exogenous 

dyes [3]. Raman spectroscopy utilizes the Raman scattering phenomena, which incorporates 

inelastic scattering. At room temperature, molecules are in a state of vibration. The Raman 

scattering states that during the molecular collisions, energy transfers instantaneously 

between the photon and molecule. Therefore, the photon directly alters the frequency of 

the molecule by moving to another vibrational state. The difference in frequencies between 

the excitation and emission photon is called Raman shift; this shift is a unique signature 

for all molecules. The particle response at each vibrational mode is responsible for a 

particular Raman shift. Therefore, Raman spectroscopy can probe biomolecules from 

Raman shifts, for example, by looking at Amide bonds present in proteins [4] (Figure 1).  

 
Figure 1. Example of typical Raman spectrum [4] 
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    Figure 2. Example of schematic of Raman energy levels 

Additionally, Raman spectroscopy can also be used in the classification or 

diagnosis of diseases [5]. During the last two decades, the improvement of instrument 

sensitivity, utilization of optical fibers, and improvements of CCD detectors, Raman 

spectroscopy has been widely used in disease diagnosis, such as malignant lesions 

throughout the body
 [3,5]. Due to changes in the composition of tissue in disease pathology, 

Raman spectrum could develop differently. Therefore, it is possible for researchers to 

compare the Raman spectra between healthy and unhealthy tissue or classify different 

stages of disease. 

 

1.3 Typical Raman spectroscopy systems for in vivo tissue diagnostics 

            A typical Raman spectroscopy instrument for in vivo tissue diagnostics contains a 

light source, light delivery and collection, a detection system and statistical analysis 

software [6]. The light source in the Raman system is typically a near-infrared (NIR) laser, 
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which usually excites at 785 nm or 830 nm [3,5,6]. When laser light illuminates tissues, there 

are two primary phenome which produce emitted light that is red-shifted from the 

illumination wavelength. One is Raman scattering; another is the fluorescence. In 

fluorescence, the molecule absorbs the entire energy of the photon and moves to a higher 

singlet state. Then, it goes back down to the S1 state by releasing the energy as heat. Finally, 

the molecule emits a photon with a different frequency than the excitation photon, moving 

back to a ground state. Additionally, in tissues, the excited state of molecules is close to 

their vibrational state, therefore, there is a wavelength overlap between the fluorescence 

and Raman scattering. For instance, if the blue light comes in, red light comes out both in 

Raman scattering and fluorescence.  

	

Figure 3. Overlap between Raman scattering and fluorescence 
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 Since fluorescence is intense and Raman scattering is weak, the detected 

measurement results in small Raman peaks that are above a higher auto-fluorescence 

background. In bulk tissues, background auto-fluorescence typically decreases with 

increasing wavelength of excitation source [3,5]. Thus, to reduce the fluorescence 

background, near-infrared light sources were favored over visible light sources for 

incorporation into diagnostic systems to decrease the auto-fluorescence intensity and 

increase the penetration depth. For light delivery and collection, an optical fiber is 

incorporated to be used as a probe in order for simplify in vivo measurements in a clinical 

or surgical setting. A typical NIR Raman detection system includes a short focal length 

imaging spectrograph connected to a Silicon (Si) semiconductor, cooled charge-coupled 

device (CCD) detector.  The typical Raman spectroscopy system has acceptable 

performance in many of tissues, such as breast, normal skin and cervix [1]. Since the 

fluorescence is always mixed with Raman signals, there are two components in the 

spectrum, one is high frequency Raman peaks, which are sharp and tiny; another is low 

frequency fluorescence background, which is broad and smooth. Therefore, in order to get 

pure Raman signals, there is a need to remove the fluorescence background.   

 

1.4 Short-wave infrared (SWIR) Raman spectroscopy 

            Unfortunately, there are some tissues, such as liver, kidney, and dark pigment skin, 

which emit high intensity auto-fluorescence when illuminated by NIR light. This 

background is too strong to identify any Raman peaks from the raw spectrum and the 

intensity of auto-fluorescence shot-noise overwhelms the intensity of Raman fingerprints 

[5,6]. Therefore, it is impossible to analyze these Raman spectra and perform reliable 
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statistical classification of disease. If the high fluorescence background could be decreased, 

Raman spectroscopy could also have potential to be used in tissues with high NIR auto-

fluorescence.  	

 
    Figure 4. Spectra of typical Raman spectroscopy and SWIR Raman system from the 
same liver tissue [3] 

	
                In order to recover Raman spectra from challenging tissue, researchers have 

recently shown that using Raman excitation sources with wavelengths beyond 830 nm 

(near-infrared) resulted in dramatically reduced auto-fluorescence, but required short-wave 

infrared (SWIR) InGaAs (Indium Gallium Arsenide) array detectors [3]. However, there 

remain challenges related to performing high-quality Raman spectroscopy in the SWIR 

region. 

    Current limitations to performing quality SWIR Raman spectrometry, primarily 

derive from the two main differences between SWIR and NIR systems: the excitation of 

the laser and incorporating an InGaAs detector instead of the classic CCD. There is a 
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fundamentally different detector architecture in the InGaAs detectors used in the SWIR 

Raman system compared to the CCD detectors. There is a clear difference in background 

signal as well as different relative amounts of read, thermal, and fixed pattern noise [5]. 

Specifically, due to different readout of chip array, InGaAs signals are characterized by a 

unique fixed-pattern noise as well as typical ambient backgrounds present in spectral 

signals. Additionally, because of the background present, the relative amounts of read noise 

are greater in an InGaAs system than conventional Silicon Raman Instrument. Compared 

with CCD detectors, the InGaAs system has a much lower bandgap; this improvement 

provides sensitivity over the prolonged NIR range and is also responsible for a much higher 

dark current (i.e. thermal noise).  

 

1.5 SWIR Raman spectroscopy for Diagnosis of Kidney Cancer 

             The ability of SWIR Raman systems to collect spectra from tissues that would have 

otherwise not produced quality Raman signatures has created an opportunity to extend the 

applications of Raman spectroscopy for cancer diagnosis. Particularly in regards to the 

kidney, there is an urgent need to improve the standard of diagnoses.  Kidney cancer affects 

65,000 new patients every year with more than 13,000 deaths [7]. The standard of treatment 

for kidney cancer is extirpative surgery, which is based on the renal mass biopsy (RMB). 
However, because of the inaccuracy of RMB, 5000 benign renal masses are resected every 

year. Raman spectroscopy could be a valuable technique for differentiation of kidney 

cancer from healthy tissue to avoid unnecessary removal of benign renal masses. For 

example, during a minimally invasive diagnostic procedure, , in vivo Raman spectroscopy 

can be utilized to classify cancerous tissue that needs to be remove without the need for 
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biopsy. Avoiding biopsy unnecessary biopsy would dramatically reduce the risk of 

diagnostic complications, reduce the number of unnecessary invasive biopsies for benign 

masses, along with the associated costs, and finally decrease the pain of patients However, 

before such systems could be developed, the previously discussed technical challenges to 

SWIR Raman spectroscopy must be addressed. 

								The goal of this thesis is to develop spectral processing techniques for SWIR 

Raman spectroscopy.  Therefore, in consideration of the existing research discussed above, 

there are three primary goals proposed for my thesis: 1) process signals in MATLAB to 

reduce detector background & noise, 2) subsequently remove auto-fluorescence 

background, and 3) identify outlier measurements to assist statistical classification. 

Successful completion of these aims will result in an important step forward in the overall 

goal of developing a technique for Optical Renal Mass Biopsy using Raman Spectroscopy. 
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CHAPTER 2 

 GOALS AND AIMS 

2.1 Project goals 

            The broad objective of creating a Raman diagnostic system for characterization of 

renal masses will require the input of high quality spectra into automated statistical 

classification algorithms. In order to optimize statistical classification algorithms, it is 

necessary to provide the algorithms with the highest quality input data possible. Clear 

analysis of Raman features from raw spectral measurements can be difficult because of 

contributions from detector noise and auto-fluorescence background signals. As a result, 

there is a need to process the raw signal. Although spectral pre-processing is well-

established for conventional NIR Raman systems, there is no established set of techniques 

for SWIR Raman spectroscopy of bulk tissues. In addition, poor quality spectra that result 

from either operator or measurement error need to be objectively excluded from analysis 

for reliable diagnosis. Since the outlier spectra always appear with different characteristics, 

they can be hard to categorize, which could increase the indeterminacy of the classification. 

Furthermore, existing standards for outlier identification are under-reported in the literature, 

and can be subjective, which results in enhanced difficulty indistinguishing Raman spectral 

outliers. Therefore, the overall goal of this project is to evaluate the suitability of spectral 

preprocessing techniques for SWIR Raman spectroscopy systems that are responsible for 

detector background & noise reduction, auto-fluorescence background subtraction, and 

detection of outlier measurements to assist statistical classification. 
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2.2 Aim 1: Detector background & noise reduction   

The InGaAs detectors used in the SWIR Raman system have fundamentally 

different detector architecture than CCD detectors that results in increased relative amounts 

of read, thermal and fixed pattern noise. Specifically, due to different readout of chip array, 

InGaAs signals are characterized by a unique fixed pattern background noise as well as 

typical ambient backgrounds present in spectral signals. In addition, the relative amounts 

of read noise are greater in InGaAs systems than conventional Silicon systems. Compared 

with Si-CCDs detectors, the lower bandgap which provides sensitivity over the prolonged 

NIR range is also responsible for much higher dark current (i.e.  thermal noise). As a result, 

it is important to closely evaluate the methods for reducing the contributions of these 

sources of noise and background on measured data. Effective spectral pre-processing of 

SWIR Raman data must remove fixed pattern background and noise from the raw spectrum. 

For this aim I will quantitatively compare two methods of fixed pattern noise removal: one 

is using frequency domain method (FFT) to remove fixed pattern noise, another is directly 

subtracting fixed pattern noise from the raw spectrum. Successful completion of this aim 

will provide guidance on the most appropriate technique for reducing noise specific to 

InGaAs Raman systems, and improve the quality of SWIR Raman data. 

	

2.3 Aim 2: Auto-fluorescence background subtraction 

            The weak nature of Raman scattering results in small Raman peaks that are above 

a large auto-fluorescence background. To more easily identify the Raman fingerprints 

removing the fluorescent background is an important step to obtain the viable Raman-like 

spectrum. There are several methods have already published for fluorescence background 
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detection, such as modified polynomial fitting [9], improved modified polynomial fitting 

[10], adaptively weighted polynomial fitting [11] and adaptive-weight penalized least squares 

[12]. However, all these methods have only been tested on NIR Raman systems with 

wavelengths below 900 nm, where the shape and intensity of auto fluorescence is well 

characterized. In addition, these techniques operate on spectra with high signal-to-noise 

ratio. As a result, previously developed techniques may not be directly suitable for use in 

new InGaAs Raman systems. The goal of this aim is to find the most optimal way to detect 

auto-fluorescence baseline specifically for the SWIR Raman spectroscopy. I will directly 

compare from three approaches: modified polynomial fit(modpoly), improved modified 

polynomial fit (I-modpoly) and iterative polynomial smoothing algorithm (IPSA) [13]. 

Successful completion of this aim will provide guidance on the most appropriate technique 

for removing auto-fluorescence background in InGaAs Raman systems, and improve the 

quality of SWIR Raman data. 

 

2.4 Aim 3: Detection of outlier measurements to assist statistical 

classification  

             After the pre-processing, tissue classification using Raman spectra typically uses 

some form of statistical analysis of differences between groups, such as cancer vs. normal. 

However, an important initial step is the identification and removal of outlier 

measurements. The outliers are generated by several reasons, such as variability in the 

measurements and strange errors in instrument or human. To date, identification of outlier 

Raman spectra has not been widely reported in the literature, but outlier detection is a major 

factor in the development of a strong classifier. Often, Raman studies can use subjective 

criteria for outlier identification. In objective definition of outliers, the outliers detect by 
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building up quantitative models, such as, partial least squares regression [14]. The goal of 

this aim is to develop an objective, quantitative technique for outlier identification. In this 

aim, the local outlier factor (LOF) technique [15,16] a straightforward approach for 

identification of outliers in multi-variate data sets, will be developed to identify outlier 

Raman spectra. Successful completion of this aim will provide guidance on the objective 

identification of outlier spectra and improve the reliability of SWIR Raman statistical 

classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



	 13	

CHAPTER 3 

APPROACH AND RATIONALE  

            Due to the overall goal of this project, the pre-processing (Aim 1) and auto-

fluorescence reduction (Aim 2) methods for the SWIR Raman spectroscopy will be based 

on the established NIR Raman spectroscopy process. This section first describes how these 

two objectives are typically achieved in NIR Raman spectroscopy, while the Research 

Design and Methods section will describe the proposed methodology to develop and 

evaluate a modified method developed for the SWIR Raman systems. 

3.1      Objective 1: Noise reduction & detector background reduction in 

typical Raman spectroscopy systems 

The goal of this objective is to reduce read, dark and shot noise in the signal and 

calibrate the system background. This is achieved by using 1) noise smoothing (reduce 

resolution), 2) noise smoothing (2nd order Savitzky-Golay filter), and 3) white light 

calibration. To accomplish this goal, reduction of resolution is necessary to smooth out 

noise from hardware and light; this could decrease the computational time without 

affecting the features of Raman peaks. Smoothing noise with 2nd order Savitzky-Golay 

filter [3,6,7] is subsequently used to further decrease noise in the Raman signal. Specifically, 

2nd order Savitzky-Golay filter is the simplest and most widely used method to reduce the 

shot-noise. A generalized moving-average filter will be applied that can smooth the Raman 

signal without dramatically affecting original features of the raw data. After noise 

smoothing, white light calibration is acquired. White light system background appears 

when an error in the Raman system occurs. When Raman spectra is taken of an empty 
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chamber, the expected result will be a straight line; if white light background is present in 

the system, in a malfunctioning system for example, there will be an unusual shape, curve, 

or dip in this spectra. Therefore, to calibrate it, the raw data is multiplied by the inverse of 

the white light function. Raman spectra below 600 cm-1 mainly contains signals from lens 

in the system; in order to omit this trivial spectra, the only range of Raman spectrum to be 

considered is from 600 to 1800 cm-1. 

 
Figure 5. Example of results after using a) noise reduction with decreased resolution, b) 
noise reduction using 2nd order Savitzky-Golay filter, and c) white light calibration; d) 
cut data from 600 to 1800 cm-1 

(a) 

(b) 

(d) 

(c) 
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3.2      Objective 2: Auto-fluorescence background subtraction in 

Classical Raman  

           The purpose of this objective is to identify the fluorescence background baseline in 

order to remove it from the Raman spectrum. For the typical Raman spectroscopy system, 

the most wildly used method of identification of fluorescence baseline is modified 

polynomial fit. Based on the least-squares-based polynomial curve-fitting function, 

modified polynomial fit iterates approximately 200-250 times, gradually eliminating the 

higher-frequency Raman peaks from the underlying fluorescence baseline, with the order 

of 5. 

	

Figure 6. Example of results after auto-fluorescence background subtraction using 
modified polynomial fit  
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CHAPTER 4  

RESEARCH DESIGN AND MATERIAL 

           Well-established spectral pre-processing for conventional NIR Raman systems have 

been described above and widely reported [3]. However, no established set of techniques 

has been closely evaluated for application to bulk tissue spectra collected from SWIR 

Raman spectroscopy systems. Therefore, the aims of this research will be to develop and 

evaluate three important spectral pre-processing steps for SWIR Raman spectroscopy: 1) 

detector background & noise reduction, 2) auto-fluorescence background subtraction, and 

3) detection of outlier measurements to assist statistical classification. All pre-processing 

steps will be carried out using MATLAB.  

4.1    Instrumentation & specimens  

         Tissue measurements were acquired using a benchtop Raman spectroscopy system 

with excitation wavelengths at 1064 nm, which is described in detail elsewhere [3,5]. Briefly, 

the 1064 nm system used an InGaAs array with a multistage thermoelectric cooler locked 

at a temperature of −60°C (Bayspec, Inc. California, USA). 30 second integration times 

delivering 204mW were used for each measurement. Absolute and relative wavenumber 

calibrations were performed with a neon-argon lamp and accepted spectroscopic standards. 

Wavelength-dependent variations in system response were accounted for with a NIST-

calibrated tungsten lamp. Optical alignment and recoupling efficiency was optimized by 

placing a silicon wafer at the sample focus and maximizing the intensity of the 520 cm −1 

silicon peak. 
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          Bulk tissue specimens of renal cell carcinoma (N = 6) and normal kidney tissue (N=6) 

1-2 cm in size were obtained from the Cooperative Human Tissue Network at Vanderbilt 

University. Specimens were flash frozen in liquid nitrogen immediately after removal, and 

maintained at −80°C until the time of use, at which point they were brought to room 

temperature in phosphate buffered saline solution. Spectra were collected within 15 

minutes of the specimen arriving at room temperature. Approval was obtained by the 

Vanderbilt University Institutional Review Board. 

 

4.2    Aim 1: Detector background & noise reduction 

           In SWIR Raman spectroscopy, the first aim is to improve measured data by 

evaluating the methods used for reducing background signals and sources of noise. There 

are four steps in SWIR Raman spectra pre-processing: 1) remove fixed pattern noise from 

raw spectrum, 2) noise smoothing (reduction resolution), 3) white light calibration, and 4) 

noise smoothing (2nd order Savitzky-Golay filter).  

Before measuring samples, there is a need to detect the hardware noise and the 

system background. Measurement of hardware noise contains read, dark and fixed pattern 

noise from the InGaAs detector. Due to different readouts of a chip array, fixed pattern 

noise becomes a more serious problem as compared to the traditional CCD detector. 

Therefore, the target of first step is to remove the fixed pattern noise from the raw spectrum.  
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      Figure 7. Example of fixed pattern noise 

           Identification of fixed pattern noise processes will use a frequency domain method 

(Fast Fourier Transform, FFT) and removal from the raw data using a specific filter. Since 

the read noise is 1/f (f: frequency) and dark noise is white noise, no noise peaks will appear 

in the frequency domain; there are only fixed pattern noise peaks in the frequency domain. 

For this reason, specific filters can easily remove the fixed pattern noise. Another method 

is to collect dark spectra directly, and then simply subtract the measured noise data from 

the raw data. The measured noise spectra contain read and dark noise in addition to fixed 

pattern noise. While subtraction is a common approach to remove fixed pattern noise, the 

propagation of error from read and dark noises may damage the characteristic of Raman 

signals. Assessment of these two methods (FFT vs. noise subtraction), is analyzed in the 

following equation, Sum Square Error (SSE) is the calculated determinant: 

𝑆𝑆𝐸 = 𝑟𝑎𝑤	𝑑𝑎𝑡𝑎 − 𝑟𝑒𝑠𝑢𝑙𝑡	𝑜𝑓	𝑡ℎ𝑖𝑠	𝑠𝑡𝑒𝑝
4
																																							 1 	

For FFT method, the SSE is defined as: 

𝑆𝑆𝐸 = 𝑟𝑎𝑤	𝑑𝑎𝑡𝑎 − 𝑓𝑖𝑥𝑒𝑑	𝑝𝑎𝑡𝑡𝑒𝑟𝑛	𝑛𝑜𝑖𝑠𝑒
4
																																							 2 	
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For noise subtraction method, the SSE is defined as: 

𝑆𝑆𝐸 = 𝑟𝑎𝑤	𝑑𝑎𝑡𝑎 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑜𝑓	𝑟𝑎𝑤	𝑑𝑎𝑡𝑎
4
																																							 3 	

            Ideally, removal of the estimated fixed pattern noise should produce a zero-centered 

spectrum. Based on the characteristic of fixed pattern noise in SWIR Raman system, the 

minimum value SSE represents a better process of noise removal.  

4.3    Aim 2: Auto-fluorescence background subtraction  

For auto-fluorescence background subtraction, two major methods are available, 

instrument based methods and computational methods. In  SWIR Raman systems, 

adjusting the source wavelength  to 1064 nm, and the detector to an InGaAs represents an 

instrument based approach. This method, however, did not fully eliminate auto-

fluorescence, and computational methods are still necessary. The second aim will focus on 

computational approaches to find the optimal method to detect auto-fluorescence baseline 

specifically for the SWIR Raman spectroscopy using the following steps: 1) auto-

fluorescence background subtraction and 2) noise smoothing (2nd order Savitzky-Golay 

filter). 

           There are three previously developed methods that will be implemented and 

modified as necessary for this sub-aim:  modified polynomial fit, improved modified 

polynomial fit, and auto-adaptive background subtraction method [7,8,9]. Due to the high 

efficiency and simplicity, modified polynomial fit has been the most popular and widely 

used method. Furthermore, this method is dependent on the least-squares-based polynomial 

curve-fitting function. Although this approach is sensitive to the choice of the spectral 

region and the order for polynomial fit will vary, it will maintain the original shape of 

Raman peaks after background subtraction. Moreover, the polynomial fit only has two 
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parameters, and is more convenient to optimize factors which effect the SWIR Raman 

system.  

	
Figure 8. Modified polynomial fit for SWIR data. 

	
           The improved modified polynomial fit algorithm combines the additional step of a 

peak removal process in the first iteration, as well as accounting for the noise effect. These 

first two methods have been published with viable and efficient results demonstrating 

detection of the fluorescence background baseline for conventional NIR Raman 

spectroscopy. Finally, Iterative Polynomial Smoothing Algorithm (IPSA) method [13] 

performs two primary operations to obtain the fluorescence baseline: a polynomial filter 

was applied to smooth the raw data and a proportion was calculated for the criteria to 

continue the loop or end the iteration. The criteria in the reference was based on the 

difference between the lowest point of the signal in the bottom part and the highest point 

of the signal in the top part. 

Compared among these three methods (Modified Polynomial Fit method, Improved 

Modified Polynomial Fit method and IPSA method), only improved modified polynomial 
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fit performs efficiently in low SNR spectra, which is characteristic of SWIR spectra (figure 

6, a). Modified polynomial fit introduces artificial peaks at the edge of spectra, however, 

improved modified polynomial fit, while artificial peaks are still present, figure 6 b shows 

that the peak is less significant. Furthermore, computational time of modified polynomial 

fit is much higher than improved modified polynomial fit, which is an important factor if 

techniques are to be used in real-time surgical applications. 

	
Figure 9. Comparison of modified polynomial fit and improved polynomial fit. a) two 
methods in low SNR spectra; b) Raman-like spectrum from two methods [10,11] and the 
artificial peaks at the end of the spectra 

	
	
 

 

 

 

 

 

 

a b 

Figure 10. Iterative polynomial smoothing algorithm results [13] with different signal-to-
noise spectra 
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Based on a polynomial filter, the iterative polynomial smoothing algorithm 

method fit the auto-fluorescence background in a small moving window to identify the 

perfect baseline. Figure 7 shows that iterative polynomial smoothing algorithm method 

was successful in maintaining essential, substance-identifying, Raman spectra within the 

fingerprint region, as well as significant reduction in computing costs.  In order to evaluate 

the results of these different methods, the minimum points in Raman spectra at 710, 1500 

and 1900 cm-1, where it is known that there should be no Raman signal, will be used. These 

minimum points should be zero after auto-fluorescence background removal, which could 

display the effect of identification of background baseline.  

4.4      Aim 3: Detection of outlier measurements to assist statistical     

classification   

            The third aim in this proposal outlines the development of an objective technique 

for outlier identification. In this aim, local outlier factor (LOF) is the main approach to 

identify outliers. Based on a concept of a local density, where locality was given by k 

nearest neighbors, the distance was used to estimate the density [15]. By comparing the local 

density of an observation to the local densities of its neighbors, the points that had a 

substantially lower density than their neighbors were considered to be outliers [15]. 
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Figure 11. Schematic of local outlier factor (LOF )[16] 

	
            For example, there is a data set D. In order to calculate the local outlier factor of an 

object p, the first step is to define k-distance of an object p[16]: 

For any positive integer k, the k-distance of an object p (k-distance(p)) is the 

distance d(p,o) between p and  an object oÎD: 

1) For at least k objects o’ÎD and d(p,o’)≤d(p,o) 

2) For at most k-1 objects o’ÎD and d(p,o’)<d(p,o) 

             Following, is to define k-distance neighborhood of an object p (Nk(p)), which is 

given by[16]: 

The distance of objects from p is not greater than the k-distance of an object p. 
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Figure 12. Example of reach-distk(p,o), when k=4[16] 

	
            Moreover, the reachability distance of object p with respect to object o (reach-

distk(p,o)) is defined as: 

reach-distk(p,o)= max í k-distance(p), d(p,o) ý 

            The local reachability density of p (Ird(p)) is then defined as [16]: 

𝐼𝑟𝑑 𝑝 = 1
𝑟𝑒𝑎𝑐ℎ − 𝑑𝑖𝑠𝑡𝑘 𝑝, 𝑜

𝑁B 𝑝
																																			

(4)	

Finally, the local outlier factor of an object p (LOF(p)) is given by[16]: 

𝐿𝑂𝐹 𝑝 =
IJK(L)
IJK(M)

𝑁B(𝑝)
																																																						(5)	

           LOF is a simple approach to identify outliers. Figure 13 clearly shows that the six 

outliers could be easily identified, as their LOF values were significantly larger than the 

others. However, a criterion was still needed in practical uses. In this research, a threshold 

was defined as three times the standard deviation of the LOF values excluding the outliers. 
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Figure 13. LOF, red dash line is the threshold, defined as three times of LOF plus mean, 
red points above the threshold are considered as outliers [15] 

	
             Evaluation of this aim was performed by comparing LOF outlier identification 

with qualitative visual inspection, Outlier spectra compared with mean spectra can also be 

used to evaluate the model. Since the outliers come from two major areas: 1) machine or 

human manipulation error that results in atypical raw spectrum or 2) measurement of the 

wrong tissue/something else, which results in a fairly typical raw spectrum, but produces 

an outlier spectrum that is evident only after Raman pre-processing. Therefore, spectral 

outliers were identified in a two-stage process.  
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CHAPTER 5  

RESULTS 

5.1     Aim 1: Detector background & noise reduction 

            In order to obtain the stable fixed pattern noise in the InGaAs detector, the 

integration time was set to 10,000 ms and background data was collected 5 times. For the 

noise subtraction method, the average from 5 background data was used to calculate the 

SSE. The final calculated SSE using this method is 7.1953×10T. 

	
Figure 14. The process of noise subtraction method 
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Figure 15. Example of 10,000 integration time noise in frequency domain 

	
               In the FFT method, since the magnitude of the system noise was large, the 

frequency components of the fixed pattern noise peak in the 10,000 integration time 

measurement were hard to identify. Therefore, in order to recognize and identify the correct 

peaks of fixed pattern noise, this thesis compared different integration time measurement 

in the frequency domain. Fixed pattern noise had opposite features compared to read and 

dark noise, and appeared stable. Hence, peaks which remained constant in the frequency 

domain were considered as the fixed pattern noise, whose index was identified to be 95,172 

and 191. 
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Figure 16. Peaks of fixed pattern noise in frequency domain  

	
               The first approach is to create the fixed pattern noise based on peaks in the 

frequency domain, as shown in Figure 16.  

	
Figure 17. Example of the artificial fixed patter noise 

	
              For the frequency domain method, the created artificial fixed pattern noise was 

needed to calculate the SSE. The final calculated SSE using this method is 1.2661×10VW, 

which was much higher than the SSE calculated from the noise subtraction method. 

Therefore, a second approach using the frequency domain was developed. Since the peaks 

of fixed pattern noise in the frequency domain have already been collected, it is possible 

to remove the fixed pattern noise by turning these three peaks to 0 and then transferring 

back to the time domain. The results shown in Figure 18 are the results after the fixed 
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pattern noise is subtracted from the raw data. 

	

Figure 18. Result of removing fixed pattern noise using the second FFT approach 

	

                The calculated SSE using this approach was 4.3433×10X,  which is still larger 

than the result from the direct subtraction method. Therefore, it can be concluded that the 

noise subtraction method was the most suitable approach to remove the fixed pattern noise, 

subtraction method was the most suitable approach to remove the fixed patter noise 

5.2 Aim 2: Auto-fluorescence background subtraction 

            The three methods used to identify auto-fluorescence were similar to each other. 

They all use the raw Raman signal input in conjunction with either different functions or 

filters to detect the fluorescence baseline. If the criteria indicated that there was a need for 

a new iteration, a new input signal was reconstructed and used as the next iteration until no 

more iterations were needed to obtain the background of the original spectra. Figure 19 

shows the general algorithm for the three methods. First, the input Raman signals were 

obtained from spectroscopy. Then, different methods were utilized to identify the auto-

fluorescence baseline. After that, specific criteria for each method decided the number of 

iterations. Finally, the fluorescence baseline was determined.  
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Figure 19. General algorithm for three methods of auto-fluorescent background 
subtraction 

	
The Modified Polynomial Fit method utilized a polynomial curve fit function to 

obtain the auto-fluorescence baseline. This method was repeated until the baseline was 

constant for 50 iterations, removing Raman peaks at every step. The Modified Polynomial 

Fit method was the simplest and most widely used in Raman data analysis, due to its 

effectiveness even in data with low signal-to-noise ratios.  

Improved Modified Polynomial Fit method is based on the Modified Polynomial 

Fit method. It is combined with peak removal only at the first iteration and noise level 

evaluation, defined as the standard deviation of spectra. SWIR Raman spectrum has low 

signal-to-noise ratios, so the noise level was much higher than the traditional Raman 

spectrum. Therefore, if this algorithm was utilized in typical Raman spectroscopy, only 

five iterations are presented, as shown in Figure 20 (c). 



	 31	

	
Figure 20. Result of Improved Modified Polynomial fit method. (a) the reference method 
at the first iteration, (b) edited Improved Modified Polynomial fit method at the first 
iteration, (c) fluorescence baseline of the reference method, (d) fluorescence baseline of 
the edited Improved Modified Polynomial fit method 

	
Therefore, to enhance the number of iterations, this research improved calculation 

of noise level, which was the root of standard deviation of spectra, to extend noise tolerance 

of the method. Compared with noise level in the traditional method (Figure 20(a)), the 

edited noise level was significantly decreased.  

The criteria in the traditional algorithm was described as YZ[\]YZ[\^_
YZ[\

< 5%, 

which suggested that further iterations could not improve the fluorescence baseline. 

However, after changing the approach to calculate for noise, the criteria at 5% was still 

reduced rapidly and slowed down at 1%, which was defined as the criteria for the edited 

Improved Modified Polynomial fit method (Figure 21). After modifying the criteria in the 

(b) 

(c) (d) 
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algorithm, number of iterations increased to 10 ´, which decreased the computation cost 

(figure 20 (d)). 

	

Figure 21. The new criteria for the edited Improved Modified Polynomial fit method 

 

Based on a 2nd order Sacitzky-Golay filter, Iterative Polynomial Smoothing 

Algorithm method was used to fit the background with a moving filter window. Previous 

reports suggested that a filter window of approximately 150 pixels would elicit ideal 

performance of detection in simulation experiments [8]. However, for SWIR signals with 

high noise, 80 pixels was determined to be the ideal moving window. This controlled the 

artificial peak at the beginning and end of the spectra and also presented a more realistic 

fluorescence baseline.  
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Figure 22. The plot of criteria. (a)criteria in the traditional IPSA method, (b)criteria in the 
edited IPSA method 

	
Additionally, since high signal-to-noise spectrum was used by the previously 

published report, the maximal residual data was much larger than the minimal one during 

the extended iteration. Hence, the criteria was set up as bcd ef
bgh ef

 , which could locate a point 

as the obvious threshold. Nevertheless, during the iteration, due to the high noise in the 

data utilized in this research the maximal residual was around 0 and the minimum of the 

residual was away from 0. Figure 22(a) displays result from utilizing the traditional criteria, 

which persistently increased during 200 iterations. It was impossible to select an available 

threshold for all spectra. Therefore, the new criteria for the project was defined as bghef
bcd ef

 , 

which was the inverse of the traditional criteria. The results are shown in Figure 22 (b), 

which was established as 2% .  

                 Modified Polynomial fit method had the most iterations, at approximately 200, 

and the IPSA method dramatically reduced number of iterations to approximately 100. The 

improved Modified Polynomial fit method had the best result, with only 50 iterations. The 

shorter iterations suggest a lower computational cost and higher efficiency using this 

(a) (b) 
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method. Therefore, Improved Polynomial fit method was more advantageous compared to 

the other two methods. 

 

	
Figure 23. Results of three fluorescence baseline detection methods and results of 
fluorescence background subtraction for three methods 

	
              In order to evaluate fluorescence background subtraction, there was a need to 

compare the artificial peaks which appeared at the beginning and end of spectra. For the 

beginning of the spectra, results showed that the Improved Modified Polynomial Fit 

method had a larger decrease in the artificial peaks compared to other two methods. Figure 
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23 shows that the IPSA method had large artificial peaks at the end of the spectrum while 

the Improved Modified Polynomial Fit method had a smaller artificial peak. Therefore, if 

only considering artificial peaks, Improved Modified Polynomial fit method had the best 

performance.  

	
Figure 24. Results of three minimal points treated by three methods. *: P<0.01; **: 
p<0.005 

	
               Artifical peaks were not enough to evaluate fluorescence background subtration, 

so an additional three points at 710, 1500 and 1900 cm -1  were aquired to assess the results. 

If the baseline was the ideal fit, these three points should have an intensity of 0. Therefore, 

the method which had an average intensity closest to 0 was chosen to identify auto-

fluorescence backgound. For the 710 cm-1 point, the average intensity of Improved 

Modified Polynomial Fit method was 2, which was much smaller than 53 in the Modified 

Polynomial Fit method and 67 in the IPSA method. Although the standard deviation of the 

Improved Modified Polynomial Fit method was the highest, the Improved Modified 

Polynomial Fit method was the best fiting at 710 cm-1. In the 1500 cm -1 spectral analysis 

shown in Figure 24, the average of the IPSA method was 2, which was the lowest insensity 

found. The average of the Modified Polynomial Fit method was 17 and the Improved 

Modified Polynomial Fit method was -50. Thus, the IPSA method had the lowest intensity 

and best performance at 1500 cm -1. For the last point at 1900 cm -1 , the average of the 
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Modified Polynomial Fit method was 118, Improved Modified Polynomial Fit was 75, and 

IPSA wa 164. This result indicated that the Improved Modified Polynomial Fit was the 

most suitable method to detect background at this point, as shown in Figure 24. Based on 

the results from these three points, the Improved Modified Polynomial Fit method appeared 

to be the best fit for background subtraction. 

	

Figure 25. The average fluorescence for three methods. Blue part was the average 
spectrum, green line was the average fluorescence baseline for each method, gray part was 
the standard deviation of fluorescence baseline. (a)Modified Polynomial fit method, 
(b)Improved Modified Polynomial fit method, (c)IPSA method 

														
The previous results suggested that Improved Modified Polynomial fit method had 

the best performance to identify fluorescence background for SWIR Raman spectroscopy. 

Further evaluation was needed to compare the average of fluorescence baselines. The 

subfigures shown in Figure 25 appear almost the same. However, when comparing the 

three methods to identify fluorescence baselines, Improved Modified Polynomial Fit was 

still the best method which produced the greatest performance. 

	
5.3 Aim 3: Detection of outlier measurements to assist statistical 

classification  

(a)	 (b) (c) 
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             In order to detect all the outliers in the data set, two stages were established. The 

first stage identified bad measurements utilizing original raw data, and the second stage 

detected the processed spectra outliers. Initially, 94 raw spectra were utilized without any 

process computed LOF then compared with the threshold. After removing outliers spotted 

from the first stage, the rest of the spectra were processed to rerun the LOF algorithm, 

pointing out additionally outliers that were not found in the first stage.   

In LOF, the points above the threshold are defined as an outlier. This means that 

the threshold chosen could strongly influence the accuracy of outlier identification. Two 

thresholds were selected in a previously published report [14]. One was 3 times the standard 

deviation of LOF from the stimulated data. The other was 3 times the standard deviation 

of LOF plus mean of LOF, which measured experimental data. These two thresholds were 

both measured in SWIR Raman data. Results from the first threshold can be seen in Figure 

26. Since LOF of normal data were around 1, the threshold should be above 1 to identify 

outliers or the entire data could be defined as an outlier. However, the first threshold was 

lower than 1 in the processed data (Figure 26 (b)), meaning the threshold was not 

acceptable even though the result for raw data was reasonable.  
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Figure 26. Results of threshold as 3 times of standard deviation of LOF. (a) raw data, (b) 
processed data 

 

The second threshold was correspondingly attempted for SWIR Raman results 

appeared acceptable. However, in the raw data, there was a spectrum extremely close to 

the threshold. In order to evaluate this data, the average of the entire data was compared 

with spectrum 5, which is shown in Figure 27 (c). Although this spectrum had features 

common to Raman signals, the signal to noise appeared much lower than the average value, 

and as a result did not meet our standards and was deemed a bad measurement and the data 

had to be considered as an outlier. Therefore, a threshold 3 times the standard deviation 

plus mean was considered less than ideal for SWIR Raman spectra. Since the two 

thresholding methods previously reported were not suitable, the threshold in this project 

was expressed as 3 times the standard deviation plus median of the LOF.  

(a) (b) 
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Figure 27. Results of threshold as 3 times of standard deviation of LOF plus mean of 
LOF. (a) raw data, (b) processed data, (c) spectrum 5 with the average of entire spectra 

 

In Figure 28, there were five points above the threshold, which indicated that 

spectrum 2, 5, 6, 16 and 44 were outliers. When comparing the outlier spectra with the 

average of normal data, outliers had missing or weak Raman features at 800, 1440 cm -1 

and 1680 cm -1, indicating bad measurements.  

(a) (b) 

(c) 
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Figure 28. Results of LOF for 94 raw data. (a)LOF of 94 raw data, (b)spectrum 2 with 
average of normal data, (c) spectrum 5 with average of normal data, (d) spectrum 6 with 
average of normal data, (e) spectrum 16 with average of normal data, (f) spectrum 44 
with average of normal data 

	
           After removing the 5 outliers, the remaining 89 spectrum went through data 

processing and then the LOF was calculated again to identify additional hidden outliers 

which were not identified from the first LOF iteration. From the second iteration, new 

points above the threshold were found, corresponding to spectrums 36, 90 and 93. 

(a) 

(b) 

(c) 

(d) 

(e) 

(f) 
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Figure 29. Results of LOF for 89 remaining spectra after first iteration of LOF. (a) LOF 
of processed data, (b) ) spectrum 36 with average of normal data, (c) ) spectrum 90 with 
average of normal data, (d) ) spectrum 93 with average of normal data 

	
Figure 29 (b), (c), (d) shows the average of the normal data after removing outliers 

detected by the LOF. There were three main Raman fingerprints at 800, 1440 and 1680 cm 

-1. After comparing with individual outlier spectrums, spectra 36 and 90 did not exhibit 

Raman fingerprints at 1440 and 1680 cm -1. However, although spectra 93 had all three 

Raman peaks, it still had additional unknown peaks at 1100 and 1300 cm -1, which are 

distinct spectral features of lipids and adipose tissue. Spectrum 93 suggests that the LOF 

had could identify a spectrum in the second iteration, which did not have features of the 

kidney specimen. This may be due to wrong tissue type or the spectrum was at the edge of 

the tissue.  A total of 8 outliers were identified via LOF. 

 

 

 

 

 

(a) (b) 

(c) 

(d) 
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CHAPTER 6   

 DISCUSSION   

6.1 Aim 1: Detector background & noise reduction 

            Theoretically, there is no peak for read and dark noise in the frequency domain. 

However, the noise is closer to uniform in the spectral domain and only five measurements 

were utilized in this thesis.  Therefore, in Figure 12, there were no significant fixed pattern 

noise peaks. Due to the uniformity of read and dark noise in spectral domain, increasing 

the time of measurements may decrease the noise level in the frequency domain. Then it 

may be possible to improve the result of the frequency domain. Additionally, the most 

common method to remove fixed pattern noise is the direct subtraction method. The 

frequency domain method has been widely used in several fields. However, the frequency 

domain method has been rarely used to identify fixed pattern noise. Future work will 

include closer inspection of spectral domain techniques to refine processing quality.  

 

6.2 Aim 2: Auto-fluorescence background subtraction 

 
             Although Improved Modified Polynomial fit method had the lowest computational 

cost and resulted artificial peaks, there were still several points in the spectrum below the 

fluorescence baseline, as seen in figure 22. This was due to the noise combined with the 

fluorescence baseline. Noise is an unavoidable component in SWIR Raman spectroscopy 

signals. Therefore, it is possible that the Improved Modified Polynomial fit method in this 

research can be used to account for baseline fitting errors that are a result of high noise 
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levels, which can improve baseline fitting consistency for the SWIR Raman signals. 

However, there is no existing method that can directly and accurately identify the range of 

noise to help identify true Raman signals. Using the newly developed method, if the spectra 

does contain noise and auto-fluorescence background can be detected, some of the noise 

may also be removed in the process by forcing data below the baseline to a Raman value 

of zero. In addition, several research groups have reported that the Improved Modified 

Polynomial Fit method could significantly enhance the auto-fluorescence baseline 

subtraction in low signal-to-noise spectrum compared to the Modified Polynomial fit 

method. It also has the ability to improve the intensity of Raman peaks [9]. The reason is 

that the Improved Polynomial fit method is the only method which can incorporate a 

tunable parameter that can be optimized to assist baseline fitting for signals with different 

noise levels. There are two kinds of low signal-to-noise spectra. One is low signal and low 

noise, and the other is high signal and high noise. Both yield a low signal-to-noise ratio. 

The spectrum used in Lieber et al was the first type of low signal-to-noise spectrum (NIR 

Raman) and the SWIR system is the second type. This is the reason that in this research, 

the previously published methods could not be used. Therefore, for the Improved Modified 

Polynomial fit and IPSA method, there are changes in criteria and parameters to adapt for 

the high noise levels.  

                Due to the high noise levels, the intensity of peaks in the Improved Modified 

Polynomial Fit method was lower than the other two methods. In the Iterative Polynomial 

Smoothing Algorithm method, decreasing the filter window can significantly improve 

avoidance of the artificial peaks, especially towards the end of the spectra. However, the 

results led to another problem, in which the fluorescence baseline was close to actual 
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Raman signals. In fact, auto-fluorescence background should be a broad, gradual curve 

underlying the Raman signals. Therefore, the background baseline should not appear to 

fluctuate.  

 

6.3 Aim 3: Detection of outlier measurements to assist statistical 

classification 

             In the LOF, typical data revolves around 1 while outliers were much greater than 

1. Based on previous studies [14,15], the threshold was defined as three times the standard 

deviation and three times the standard deviation plus mean. However, results showed that 

three times the standard deviation of 89 processed data was lower than 1 and the mean was 

strongly influenced by the outliers. The ideal threshold of LOF should have minimal effects 

from outliers so in this thesis the mean was replaced with the median which was shown to 

be a more suitable threshold.  

There are two kinds of outliers: one is from machine error which doesn’t produce 

typical Raman peaks, and another is from detecting the wrong sample or position which 

would generate unusual and unexpected characteristic peaks. In addition, fatty acid has a 

special peak at 1300 cm-1 and one main peak with a small sub-peak and two single 

fingerprints at 1500 and 1700 cm-1. The features of all 93 spectra matches the features of 

fatty acid. Hence, the 93 spectra could possibly be from fatty acid and not kidney tissue. 

Based on the results of Aim 3, there were 7 spectra without Raman fingerprints and only 

one spectrum which displayed different features. Therefore, LOF not only has the ability 

to identify the bad measurements, but it can also detect spectra which comes from the 

correct tissue.  
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For future directions, aim 3 can be expanded to utilize the Spars Multinomial 

Logistic Regression (SMLR) in order to distinguish between healthy and cancerous 

samples. By comparing the results between raw data and the data without outliers, it is 

possible to know how outliers can influence the accuracy of the classifications. 
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CHAPTER 7  

CONCLUSION 

              The overall outcome of this thesis was the evaluation of spectral processing 

techniques for SWIR Raman spectroscopy systems, the development of specific techniques 

to optimize data quality, and determining how to best prepare spectra for statistical analysis. 

Compared with the FFT method, the noise subtraction method had lower SSE. Therefore, 

this method would be a better approach to remove the fixed pattern noise. After comparing 

three methods of fluorescence background detection, the Modified Polynomial Fit method 

showed the best performance in auto-fluorescence baseline subtraction with high noise and 

high signal spectra. However, it still has artificial peaks at the end of the spectrum. The 

LOF method displays a huge improvement in outlier identification, which recognized a 

total of 8 outliers rather than 2 from qualitative visual inspection. 
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