ARL-TR-10464 e OcT 2026

[DEVCOM

ARMY RESEARCH
LABORATORY

Molybdenum Disulfide Chemical Vapor
Deposition Growth and Raman
Characterization

by Mitchell Hung, Kai Palam, Madan Dubey, and Charles Rong

DISTRIBUTION STATEMENT A. Approved for public release: distribution unlimited.



NOTICES
Disclaimers

The findings in this report are not to be construed as an official Department of the
Army position unless so designated by other authorized documents.

Citation of manufacturer’s or trade names does not constitute an official
endorsement or approval of the use thereof.

Destroy this report when it is no longer needed. Do not return it to the originator.



ARL-TR-10464 e OcT 2026

DEVCOM

ARMY RESEARCH
LABORATORY

Molybdenum Disulfide Chemical Vapor Deposition
Growth and Raman Characterization

Madan Dubey and Charles Rong
DEVCOM Army Research Laboratory

Mitchell Hung
DEVCOM Army Research Laboratory Summer Intern

Kai Palam
U.S. Military Academy

DISTRIBUTION STATEMENT A. Approved for public release: distribution unlimited.



REPORT DOCUMENTATION PAGE

1. REPORT DATE 2. REPORT TYPE 3. DATES COVERED

START DATE
July 2025

END DATE

October 2026 IAugust 2025

Technical Report

4. TITLE AND SUBTITLE
Molybdenum Disulfide Chemical Vapor Deposition Growth and Raman Characterization

5a. CONTRACT NUMBER 5b. GRANT NUMBER 5c. PROGRAM ELEMENT NUMBER

5d. PROJECT NUMBER 5e. TASK NUMBER 5f. WORK UNIT NUMBER

6. AUTHOR(S)
Mitchell Hung, Kai Palam, Madan Dubey, and Charles Rong

8. PERFORMING ORGANIZATION
REPORT NUMBER

IARL-TR-10464

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES)

DEVCOM Army Research Laboratory
IATTN: FCDD-RLA-PE
\Adelphi, MD 20783-1138

10. SPONSOR/MONITOR'S | 11. SPONSOR/MONITOR'S REPORT
ACRONYM(S) NUMBER(S)

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES)

12. DISTRIBUTION/AVAILABILITY STATEMENT
DISTRIBUTION STATEMENT A. Approved for public release: distribution unlimited.

13. SUPPLEMENTARY NOTES
ORCIDs: Mitchell Hung, 0009-0006-6570-0878; Charles Rong, 0000-0002-0730-175X

14. ABSTRACT
Molybdenum disulfide (MoS,) is a transition metal dichalcogenide (TMD) that has garnered attention as a potential alternative to silicon-
based electronics. MoS; exhibits a direct band gap and is atomically flat and thin, making it ideal for use in transistors and
optoelectronics. The ability for MoS; to be grown in monolayers due to its layered structure—molybdenum sandwiched by sulfur—gives
the material a distinct advantage in precise growth. However, the growth of monolayer MoS, depends on a range of growth factors,
including the choice and volume of growth promoters. We analyzed the effects of varying volumes of potassium bromide (KBr), the
chosen growth promoter, on the shapes and properties of MoS; triangles. Using Raman spectroscopy, we observed that different KBr
volumes led to changes in the spectral signatures and the formation of MoS, structures. Furthermore, we found via Raman peak and
waveform analysis that lower volumes of KBr resulted in more consistent, repeatable results. This research supports the development of
an automatic classification system for MoS, layers.

15. SUBJECT TERMS
molybdenum disulfide, two-dimensional materials, 2D, chemical vapor deposition, CVD, Raman spectroscopy, Photonics, Electronics,
and Quantum Sciences

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF ABSTRACT | 18. NUMBER OF PAGES

a. REPORT
UNCLASSIFIED

b. ABSTRACT
UNCLASSIFIED

C. THIS PAGE
UNCLASSIFIED

Uu

23

Charles Rong

19a. NAME OF RESPONSIBLE PERSON

19b. PHONE NUMBER (Include area code)
(520) 691-5531

i

STANDARD FORM 298 (REV. 5/2020)

Prescribed by ANSI Std. Z39.18




Contents

List of Figures

List of Tables
Acknowledgments
1. Introduction

2. Background
2.1 MoS;
2.2 CvD
2.3 Growth Promoters
2.4 Our Goal
2.5 Specific Aims

3. Methodology

4. Results
4.1 Data Analysis Overview
4.2 Large-Area Scans

4.3 Effects of KBr Concentration
5. Discussion
6. Conclusion
7. References
Appendix. Python Source Code Files for Data Treatment
List of Symbols, Abbreviations, and Acronyms

Distribution List

11

= A W W N N =

N oo oo i

10

10

11

13

15

16



List of Figures

Figure 1. Comparison of various resolutions. With the scanned size of
100 % 100 um, the point per line and lines per image varies from
20 x 20 at low resolution, up to 300 x 300 at high resolution. ............. 6

Figure 2. Reconstructed large-area (a) scan with color based on separation
between the Aig and Eig peaks, (b) scan with color based on intensity
ratio between the Aig and Eig¢ peaks, (c) scan with color based on the
Raman shift of the Aig peak, (d) scan with color based on the Raman
shift of the Eig peak, and (e) scan with color based on the FWHM ratio
between the Aig and Eig peaks........ccoeveeiiiiiiiniiiiiiiieceeeeee, 9

List of Tables

Table 1. Large-area scan parameters. Data gathered under 2-s integration time
with 20 Integration CYCIES. ......cocuieriiiiieiiiiiieie et 7

v



Acknowledgments

(CUI) Charles Rong would like to thank Dr. Tomas Palacios and Dr. Jing Kong at
MIT who kindly offered an opportunity for him to visit their laboratories, interact
with the students and postdocs, and discuss and learn related issues about the 2D
materials of MoS: in detail, which is very helpful to the work conducted at ARL.



1. Introduction

Silicon has been prominent in our lives through its presence in the semiconductor
industry and the electronics we use nearly every day. Over 70 years of development,
researchers have improved materials quality, processing technique, device
fabrication and manufacturing capability, leading to consistent progress with
transistor scaling and circuit design. However, progress is stagnating after reaching
the atomic scale, as silicon faces difficulties regarding its material properties. Issues
such as subthreshold leakage and hot carrier injection, while being actively
researched, have still slowed the pace of Moore’s law. A new, alternative material
with superior electronic and optical properties could overcome these limitations.

Transition metal dichalcogenides (TMDs) have emerged as potential materials to
complement silicon in electronic and optoelectronic applications. In particular,
molybdenum disulfide (MoS:) has attracted attention due to its semiconducting
behavior with a direct bandgap of approximately 1.8 eV in the monolayer form,
high on/off ratios, and reasonable carrier mobility.!? This electronic performance,
coupled with its flexibility, makes it suitable for the development of novel
electronic devices.

Yet, despite the advantages of MoS., a well-controlled synthesis of high-quality
MoS: has been a challenge. Chemical vapor deposition (CVD), the most promising
candidate for creating large-area monolayers due to its controllability, still suffers
from nonuniform growth leading to incomplete coverage of substrate. However,
recent studies show that alkali halide salts, such as potassium chloride (KCl) can
serve as growth promoters that reduce nucleation energy and enhance lateral
domain growth.> Here, building on this research, we investigate the use of
potassium bromide (KBr) as a growth promoter for the CVD synthesis of MoS..

This technical report presents an analysis of MoS. growth using KBr under varying
conditions with the goal of improving uniformity, coverage, and overall film
quality. The results contribute to the ongoing effort to identify optimal growth
strategies for 2D semiconductors and to expand the range of materials available for
future electronic and optoelectronic technologies.

2. Background

We briefly define and discuss relevant concepts in the growth of MoS: literature
that are relevant to this research and outline related work in these areas and the
existing scientific gaps that this research addresses.



2.1 MoS:

MoS: is a layered TMD with the chemical formula MX>, where M = molybdenum
and X = sulfur. Its crystal structure is composed of a layer of molybdenum atoms
sandwiched between two layers of sulfur atoms in a trigonal prismatic structure* as
a “plane” or layer. These layers are bonded strongly by covalent bonds within the
plane/layer, and weakly by van der Waals forces between planes/layers, allowing
MoS: to be exfoliated into atomically thin layers and grown with methods such as
CVD. One of the most important features of MoS: is the thickness-dependent nature
of its electronic band structure. Bulk MoS: possesses an indirect bandgap of
approximately 1.2 eV, whereas a single monolayer possesses a direct bandgap of
approximately 1.8 eV. This direct gap enables more efficient light absorption and
emission, highlighting monolayer MoS: with a growing potential for optoelectronic
devices such as photodetectors, LEDs, and solar cells.**

In terms of electronics, as previously discussed, monolayer MoS: shows high on/off
current ratios (up to 10%) and better than average carrier mobilities, sometimes
reaching approximately 500 ¢cm*V-s under optimized conditions.® Its ability to
overcome short-channel effects, coupled with its flexibility and stability, extends

its utility toward flexible and wearable electronics.”

Despite these advantages, challenges remain in producing MoS: films with uniform
thickness, controlled orientation, and low defect density at wafer scale. Various
strategies including growth promoters, halide-assisted growth, and environmental
variation are being explored to address these limitations. As a result, MoS: research
currently sits at the intersection of materials science and applied device
engineering, with progress in synthesis dictating the feasibility of its technological
adoption.

2.2 CVD

CVD is a widely adopted technique used to grow high-quality thin films by
delivering precursors that react at high temperatures to form solid materials on a
substrate. With the growth of MoS., CVD stands out for its scalability, uniformity,
and compatibility with semiconductor manufacturing. '

For MoS: synthesis, the most common strategy involves allowing vaporized pure
sulfur to react with molybdenum oxide (MoOs) or halide precursors (e.g., MoCls)
at temperatures typically in the range of 700-1000 °C."" At higher temperatures,

sulfur anneals lead to more symmetrical characteristic peaks.'!!?

Scalability and uniform coverage remain ongoing challenges. Recent research has
addressed this by regulating oxygen dosing to merge MoS: domains into wafer-



scale films with low defect densities and enhanced optoelectronic performance,
enabling devices like centimeter-scale photodetector arrays.’

A more practical insight comes from a 2017 study'? demonstrating an upstream
deposition approach in a multizone CVD setup. By controlling the flow and
location of Mo and S precursors, researchers achieved high nucleation density,
uniform monolayers, and improved charge capture capabilities—a significant step
toward reliable device-grade MoS: growth.!?

2.3 Growth Promoters

Growth promoters significantly enhance MoS: synthesis via CVD by improving
nucleation control, lateral domain expansion, film uniformity, and even electrical
properties.

Organic seeding promoters such as perylene-based compounds (for example,
perylene-3,4,9,10-tetracarboxylic dianhydride [PTCDA] or perylene-3,4,9,10-
tetracarboxylic acid tetra-potassium salt [PTAS]) have been adopted for improving
monolayer coverage and grain size. Using a promoter-coated substrate placed
downstream allows for a gradient of promoter diffusion upstream. Regions closer
to the promoter show nearly continuous polycrystalline monolayers with bilayer
terraces, while farther areas display isolated triangular monolayer domains
alongside multilayers.'*

Inorganic promoters, especially alkali salts like KCI, NaCl, KI, and molten salt
mixtures, act to facilitate lateral growth and enhance the size of triangle MoSo.
Studies indicate that adding alkali-based salts significantly increases lateral
expansion and substrate coverage, yielding high-quality bilayer films, with

potassium salts often outperforming others in uniformity and coverage.'>!”

2.4 Our Goal

MoS: is in the middle of a research boom, as it continues to emerge as one of the
most promising 2D materials for applications ranging from flexible transistors and
neuromorphic computing to next-generation processors and high-capacity
batteries.>* Yet, the field is held back by a “scaling bottleneck.” Although the
fundamental optical and electronic properties of MoS. have been discovered,
producing wafer-scale films with controlled thickness, low defect density, and high
uniformity remains difficult. This gap between knowledge and the ability of
scalable synthesis sustains great interest in discovering new growth strategies. Our
work on KBr-assisted CVD seeks to address these difficulties, testing whether KBr
can promote more triangular domain growth and monolayer coverage. By



combining synthesis with Raman-based analysis'® of peak separation, full width at
half maximum (FWHM), and various other characteristics, we aim to develop both
a deeper understanding of structure—property relationships and practical workflows

for optimizing MoS. growth at larger scales.'” !

While optical image of MoS:2 grown on a wafer only provides information of wafer
coverage and morphology of MoS2, Raman spectroscopy will provide further
structural information related to number of layers and defect level, which is more
helpful to understanding the formation of MoS2, and optimize the growth
conditions. Raman peak position, relative intensity, linewidth, and peak separation
can all possibly correlate to the crystal structure and materials quality. These
spectral fingerprints can guide the optimization of MoS: for device-relevant
properties such as charge transport in semiconductors and ion storage in batteries.

2.5 Specific Aims

The specific aims of this work is to do the following:

1) Measure and characterize the Raman spectra of inelastic light scattering
(Raman peak) properties and their relation to 2D image characteristics

2) Develop methodology to characterize unexplained residuals of Raman
spectra after peak analysis

3) Develop workflow to accelerate dense sampling of 2D surfaces
3. Methodology

MoS: films were synthesized via CVD using MoOs (Sigma-Aldrich, >99.5%),
elemental sulfur (sulfur flakes, Sigma-Aldrich, >99.99%), and KBr (Sigma-
Aldrich, 99+%),) as the precursor materials. A solution of MoO: and KBr was
prepared and spin-coated onto silicon wafers (with 100 nm of SiO2 on Si), which
had been precleaned in acetone. Spin coating was performed at 2500 rpm using a
Model PWM32 spin coater, ensuring uniform deposition of the precursor layer.

The coated wafers were then transferred into the reaction chamber of a
Lindberg/Blue M tube furnace. Elemental sulfur was placed upstream in the argon
carrier gas flow to provide the sulfur vapor source. The furnace was heated to
720 °C over a period of 15 min, maintained at this temperature for 5 min, and
subsequently cooled rapidly to room temperature. During the entire process, argon
gas flowed at a rate of 30 SCCM to transport the vaporized sulfur into the growth
region, where it reacted with the MoOs/KBr-coated substrate to form MoS..



The procedure for making the MoOs/KBr solution is described below. First, 100 mg
of MoO3 was added to 20-mL NH3*H20 and the mixture was sonicated for 5 min,
until all the solids dissolved in the solution. To this clear solution, 60 mL of
deionized water was added to create Solution A. Second, 720-mg KBr was
dissolved in 20 mL of deionized water as Solution B. From Solution A and
Solution B, more solutions were made to have different concentrations of KBr with
same concentration of MoQOs as we varied the amount of KBr in the MoOs—KBr
precursor solution. Specifically, three solutions were made by adding Solution B in
volumes of 2.0, 1.0, and 0.5 mL to each of the 20-mL Solution A. In addition, a
separate trial was conducted with 0.5-mL KBr, in which the growth temperature of
720 °C was maintained for 10 min rather than 5 min to double the reaction time to
assess the effects of extended high-temperature growth time.

Characterization of the resulting MoS: films was performed using a WITec
alpha300 Access Raman Microscope (WITec Control Software, Version 1.60).
Spectra were collected using a 532-nm excitation laser. First, measurements were
acquired in acquisition of single-spectrum mode, with an integration time of 2.0 s
per spectrum and 20 accumulation cycles, to get sufficient signal-to-noise ratio.
Toward the end of the research process, measurements were also acquired in large-
area scan mode for a mapping purpose. The large-area scan mode produced a
collection of Raman measurements at each location defined by the point and line
parameters in the spectrometer for the selected scanned area. Each Raman
measurement produced a vibration absorption intensity of the Ezz mode around
380 cm! and of the Aig mode around 400 cm™'. The Raman shift was calibrated
relative to the 550 nm reference setting.

Acquired data of the large-area scans were subsequently analyzed via custom
Python scripts to process the information of Raman characteristics related to
structural and morphological MoS: distribution of mono and multiple layers,
providing insight into layer thickness and crystallinity of the MoS: films.

4. Results

4.1 Data Analysis Overview

The Raman spectra were processed using Python-based analysis to determine the
precise locations of characteristic peak positions. From these values, the peak
separations and other relevant spectral parameters were calculated, subsequently
mapped into color and shape representations, and visualized as graphs. The Python
code and other programming-related supplementals can be found in the Appendix.



4.2 Large-Area Scans

In addition to single spectrum acquisition function, the WITec Control software
provides a large-area scan feature, enabling automated Raman spectroscopy
scanning across a region of interest. In this mode, the selected area is subdivided
into a grid, and spectra are collected at each point to generate Raman maps. The
spatial resolution of these scans can be adjusted by varying the step size, thus
balancing scanning time and map resolution to meet each researcher’s
requirements.

Figure 1 demonstrates scans of the same 100 x 100 um? region acquired at different
resolutions. Higher-resolution scans provide finer spatial details at the cost of
longer scanning times, whereas lower-resolution scans enable faster sampling with
the caveat of reduced precision. This functionality allows comparison of growth
uniformity, domain distribution, and layer thickness across large regions of the

MoS: samples without manual human labor after setup.

Figure 1.  Comparison of various resolutions. With the scanned size of 100 x 100 pm, the
point per line and lines per image varies from 20 x 20 at low resolution, up to 300 x 300 at
high resolution.



Table 1 summarizes the Raman large-area scan parameters.

Table 1. Large-area scan parameters. Data gathered under 2-s integration time with 20
integration cycles.

No. of . No. of . Total no. of Total time
measurements in  measurements in
the X axis the Y axis measurements (h)
20 20 400 0.25
40 40 1,600 1.00
60 60 3,600 2.16
80 80 6,400 3.84
200 200 40,000 24.00
300 300 90,000 54.00

4.3 Effects of KBr Concentration

By analyzing the peak properties of MoS: triangles across different growth
conditions, we observed that samples synthesized with the precursor solution of
0.5 mL of Solution B exhibited peak separations clustered more tightly around
21.12 em™. This narrower distribution suggests that growth under these conditions
leads to more consistent and reproducible results, highlighting the precursor
solution made of 0.5 mL of Solution B as a promising parameter for synthesis.

Raman spectra were further analyzed by identifying the characteristic Eig and Aig
vibrational modes of MoS: and calculating the separation between their peak
positions. Whereas in past work peaks were identified manually, here we
accelerated this analysis via combination of large-area scan analysis and custom
Python code. We then created a colorized map of the peak separations (Figure 2)
across selected triangular domains of the MoS: films.

Based on the peak separation map in Figure 2a, regions where triangular domains
overlap exhibited wider peak separations, whereas edge regions had narrower
separations. This trend is consistent with established Raman behavior in MoS,
where monolayers typically show peak separations near 19-20 cm™ and
multilayers approach values of 23-25 cm™.

These results suggest that the overlapped triangular regions correspond to thicker,
multilayer MoS:, whereas the edges are more representative of monolayer domains.
The variation across the mapped area indicates that the CVD growth produced
nonuniform films, with localized thickness changes arising from overlapping
growth fronts. Such structural heterogeneity is significant, as the electronic and
optical properties of MoS: are strongly thickness-dependent: monolayers exhibit a
direct bandgap favorable for optoelectronics, while multilayers transition to an



indirect bandgap with diminished performance in those applications. Consequently,
the observed peak separation distribution highlights both the challenges and
opportunities in optimizing KBr-assisted CVD growth, emphasizing the
importance of large-area Raman mapping for uniformity and process refinement.

Additionally, we developed a method to extract the individual Raman spectra from
the large-area scan dataset. This represents an important step toward the broader
goal of automating the identification of MoS: triangular-shaped domains and
quantifying their properties related to structure. By isolating individual spectra, we
can directly evaluate peak separation values at specific locations across the scanned
region. We then used these values to generate a reconstructed map of the large-area
scan, where each point is represented according to its characteristics observed by
Raman spectroscopy. In particular, the analyzed characteristics include the Exg
peak, the Aig peak, as well as ratios such as an intensity ratio and an FWHM ratio
between the Exg and Aig peaks.

Peak locations were determined by taking the maximum intensity value within a
predetermined common range for those mode peaks—380—400 and 400—420,
respectively—and finding the Raman shift corresponding to those maximum
values. Intensity ratio took the ratio between the two maximum intensity values,
with the Aig peak as the dividend. FWHM was calculated by taking the maximum
value of a peak, finding the minimum peak intensity within the aforementioned
range as a baseline, and finding which Raman shifts lined up with the midpoint
between maximum and baseline. FWHM Ratio took the ratio between the FWHMs
of each peak, also with the Aig peak as the dividend. When peak intensities in each
range varied by less than 20 a.u., the data were thrown out (not applicable).

Figure 2 demonstrates the potential value of some characteristics over others. In
particular, when observing Figures 2a and 2d, they clearly have stronger distinction
between certain areas of the MoS: flakes, potentially signifying the ability to detect
monolayer versus bilayer triangular regions. On the other hand, Figures 2b and 2¢
suggest a lowered sensitivity to layer thickness, potentially making them
suboptimal for thickness classification. Figure 2e suggests mixed results, with some
level of thickness separation but at a lesser rate than Figures 2a and 2d.
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5. Discussion

Through the development of Raman large-area scan analysis, we find that reduced
promoter concentrations may enhance film uniformity and that overlapped triangles
form thicker, multilayer MoS:, worsening film quality. Such structural variation is
significant, as the electronic and optical properties of MoS. are highly thickness-
dependent: monolayers exhibit a direct bandgap favorable for optoelectronics,
while multilayers transition to an indirect bandgap with diminished performance in
those applications. Thus, the observed peak separation distribution highlights both
the challenges and opportunities in optimizing KBr-assisted CVD growth,
emphasizing the importance of large-area Raman mapping for evaluating
uniformity and guiding process refinement.

Analysis of MoS: growth via Raman spectra peak separation is a well-established
method, and relatively simple to measure. Yet, the possibility of a more subtle
pattern present in the Raman signals cannot be excluded. Additionally, this research
does not address the role of residuals in MoS. Raman spectra not explained by
simple measures of peak height and peak separation, leaving open the possibility
for future analysis that could yield new insights. Moreover, during the research
process, samples of MoS: were scanned using photoluminescence (PL)
spectroscopy. These PL datasets, while not analyzed in this report, could present a
valuable resource for future investigations of MoS: properties.

The findings of this study extend beyond MoS: growth with KBr as promotor,
implying broader inclusions for the synthesis of other 2D TMDs. The methodology
developed, combining large-area scan mapping of Raman measurements with data
processing and analysis enabled by Python programing, can be generalized to
investigate nucleation, uniformity, and defect density in a variety of other layered
materials such as WS2, MoSez, and WSe:. Furthermore, while our experiments were
conducted on relatively small silicon substrates, this approach is directly scalable
to larger wafers, which are common in the industry.

6. Conclusion

This work investigated KBr as a growth promotor in the CVD synthesis of MoS:
and developed a new method of analyzing TMD samples. While challenges remain
for fully characterizing the material’s properties, the methodologies developed here
provide a platform for enhanced characterization capability to the need for
optimized 2D semiconductor growth. Large area Raman scan and Python
programming to process structural information related quality of MoS2 material and
the atomic layer(s) distribution can be extended to other 2D material systems.
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Appendix. Python Source Code Files for Data Treatment

This appendix appears as a pdf attached to the report.
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https://github.com/Ghostyaq/Molybdenum-disulfide-CVD-Growth-with-
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List of Symbols, Abbreviations, and Acronyms

2D
CVD
FWHM
KBr
KCl
LED
MoO:s
MoS:
PL
PTAS
PTCDA
SCCM
Si
T™MD

Two-Dimensional

Chemical Vapor Deposition

Full Width Half Max

Potassium Bromide

Potassium Chloride

Light Emitting Diode

Molybdenum Oxide

Molybdenum Disulfide

Photoluminescence
Perylene-3.4,9,10-Tetracarboxylic Acid Tetra-Potassium Salt
Perylene-3.4,9,10-Tetracarboxylic Dianhydride
Standard Cubic Centimeters per Minute
Silicon

Transition Metal Dichalcogenide
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Appendix A

- Plot One Raman.py

- Plot Large Area Scan.py

- Plot All Unique Seperation.py

- Plot All Overlaid.py

- KBr Volume vs FWHM.py

-  FWHM vs Peak Height Ratio.py

- Data Renormalization.py

- Fake Data Constructor.py

- ICA, PCA, NMF Analysis
- Spectrum Reconstruction.py
- PCA Visualization.py
- PCA Explained Variance.py
- NMF Explained Variance.py
- ICA Explained Variance.py
- IC1vsIC2.py
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Plot One Raman.py

Description: Plots a singular Raman Spectrum given an Excel File and the Column.

How to Use: Upload data in the same format as "Excel Format Template".

# %matplotlib gt

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import matplotlib.cm as cm

import matplotlib.colors as mcolors
from matplotlib.cm import get cmap
import seaborn as sns

file path = "example.xlsx"
# === Load the dataset ===

df = pd.read excel (file path)
col index = 0 # or use: np.random.randint (spectra df

.shape[1l])
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# === Extract x-axis (Raman shift values) from the first column ===
wavenumbers = df.iloc[:, 0].values
# === Extract spectral data (excluding the first column) ===

spectra df = df.iloc[:, 1:]

# === Randomly select one column (spectrum/sample) ===
col name = spectra df.columns[col index]

spectrum = spectra df.iloc[:, col index].values

# === Plot ===

plt.figure (figsize=(10, 5))

#plt.x1im(380,420)

#plt.ylim (750, 1500)

plt.plot (wavenumbers, spectrum, color='black', linewidth=2)
plt.title(f"Raman Spectrum\nSample: {col name}", fontsize=14)
plt.xlabel ("Raman Shift (cm$"~{-1}$)")

plt.ylabel ("Intensity")

plt.grid(True)

plt.tight layout()

plt.show ()
# === Print the sample name ===
print (f"Sample name (column header): {col name}")

Plot Large Area Scan.py

Description: Plots the Large Area Scan given its text file. Has options of plotting by Peak
Separation Distance, Peak Height Ratios, or Peak FWHM Ratio.

How To Use: Upload the csv file of the Large Area Scan from the WlTec program (just change
the extension name from .txt to .csv). Change square_size to be equal to the same resolution you
took (300x300, 60x60, etc.) Change the variable graph to plot different features. Change

target regions to search for peaks in other areas. If the plot scale is incorrect/not representative
of the data, change vmin and vmax to suit your needs (near the bottom of the program).
Important Notes: Depending on the size of the file, this may take upwards of 5-10 minutes.
Afterwards, all relevant data for plotting should be saved to an excel file. Then, you can set

load new_results to False, to skip the majority of loading time.

import pandas as pd

import numpy as np

from scipy.signal import find peaks
import matplotlib.pyplot as plt

from scipy.interpolate import interpld

load new results = True
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file path = "LAS example.csv"

square size = 300 #Need to change this for different resolutions

graph = 'FWHM' #change to FWHM, Ratio, or Separation to change output graph
target regions = [(380, 400), (400, 420)] +#change the peak locations if needed
save to excel = "../peak separations.xlsx"

#If you need to change the scale on the graph, scroll to the bottom of this
program and
#look for "#Adjust the scale in the graph"

# === Step 2: helper to find peak positions ===
def find peak positions(y, x, target regions):
peaks, = find peaks(y)
peak positions = x[peaks]
peak values = yl[peaks]

found peaks = []
found indices = []
for region in target regions:
mask = (peak positions >= region[0]) & (peak positions <= region[1l])
if np.any(mask) :
region positions = peak positions[mask]
region values = peak values[mask]
region indices = peaks[mask]

idx = np.argmax(region values)
peak pos = region positions[idx]
peak val = region values[idx]
peak idx = region indices[idx]

if peak val - 710 > 20: #assuming "20" is enough to distinguish
from background
found peaks.append (peak pos)
found peaks.append (peak val)
found indices.append (peak idx)
else:
found peaks.append (np.nan)
found peaks.append (np.nan)
found indices.append (np.nan)
else:
found peaks.append (np.nan)
found peaks.append (np.nan)
found indices.append (np.nan)
#print (found peaks)
return found peaks, found indices

def calculate fwhm(x, y, peak index, baseline=None) :
peak height = y[peak index]

if baseline is None:
baseline = np.min(y) # crude baseline estimate

half max = baseline + (peak height - baseline) / 2.0

# Left side
left idx = np.where(y[:peak index] < half max) [0]
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if len(left idx) ==
return np.nan
left idx = left idx[-1]
f left = interpld(y[left idx:peak index+l], x[left idx:peak index+1])
x left = £ left (half max)

# Right side
right idx = np.where(y[peak index:] < half max) [0]
if len(right idx) ==
return np.nan
right idx = right idx[0] + peak index
f right interpld(y[peak index:right idx+1], x[peak index:right idx+1])
x right = f right (half max)

return x right - x left

if load new results:
df = pd.read csv(file path, delimiter="\t", engine='python',
skip blank lines=True)

# Strip whitespace from all string columns (helps with hidden spaces)
df = df.applymap(lambda x: x.strip() if isinstance(x, str) else x)

# Convert first column to numeric (scientific notation handled)
df.iloc[:, 0] = pd.to numeric(df.iloc[:, 0], errors='coerce')

# Convert remaining columns to numeric
spectra df = df.iloc[:, 1:].apply(pd.to numeric, errors='coerce')

# Extract values
x = df.iloc[:, 0].values

labels = spectra df.columns.tolist()
# === Step 3: Loop through spectra ===
results = []

for col in spectra df.columns:
y = spectra df[col].astype (float) .values

peaks info, peak indices = find peak positions(y, X, target regions)
if not np.isnan(peaks_info[0]) and not np.isnan(peaks info[2]):
separation = abs(peaks info[2] - peaks info[0])
else:
separation = np.nan
if not np.isnan(peak indices[0]) and not np.isnan(peak indices[1]):
fwhml = calculate fwhm(x, y, int(peak indices[0]))
fwhm2 = calculate fwhm(x, y, int(peak indices[1]))
)

if not np.isnan(fwhml) and not np.isnan(fwhm2) :
fwhm ratio = fwhm2/fwhml
else:
fwhm ratio = np.nan
else:
fwhm ratio = np.nan

results.append((col, peaks info[0], peaks info[2], peaks info[l],
peaks info[3], separation, peaks info[3]/peaks info[l] if (peaks info[l] and
peaks info[3]) else np.nan, fwhm ratio))
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results df = pd.DataFrame (results, columns=["Spectrum", "Peakl (~390)",
"Peak2 (~410)", "Peakl Value", "Peak2 Value", "Separation", "Ratio", "FWHM"])
results _df.to_excel (save to _excel, index=False)

results df = pd.read excel (save to excel)
scale = results df[graph].to numpy ()

scale = np.where(pd.isna(scale), np.nan, scale)

# Reshape into square
if len(scale) != square size**2:

raise ValueError (f"Expected {square size**2} data points, got
{len(scale)}")

scale square = scale.reshape((square size, square size))

cmap = plt.cm.viridis
cmap.set bad(color='black') # NaNs will appear black

# Create one figure
fig, ax = plt.subplots(figsize=(6,6))

# Show background image

# Overlay scale map
cax = ax.imshow (

scale square,

cmap=cmap,

interpolation='nearest',

alpha=1, # adjust transparency

extent=[0, 300, 0, 300]

,vmin = 0.6, vmax = 1.5 #Adjust the scale in the graph
)

# Add colorbar
fig.colorbar (cax, ax=ax, label='Peak Height Ratio')

ax.set title('Raman Peak Height Ratio Map')
ax.axis ('off')
plt.show ()

Plot All Unique Seperation.py

Description: Finds x number of unique separations, then plots those graphs.
How to Use: Change target regions and file path as needed. num_wanted corresponds to the
number of unique separations you would like. 6 is default, but arbitrary. Feel free to change xlim

and ylim as necessary (at the bottom of the program).

import pandas as pd
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import numpy as np

import matplotlib.pyplot as plt
from scipy.signal import find peaks

target regions = [(385, 395), (405, 415)] # around 390 and 410
file path = "example.xlsx"

num wanted = 6

# === Step 1: Read Excel, skip 2nd row ===

df = pd.read excel(file path, header=0) # first row = labels
df = df.drop(index=1) # drop the useless second row

# === Step 2: Extract x-axis and spectra ===

x = df.iloc[:, 0].astype(float).values # Raman shift
spectra df = df.iloc[:, 1:] # all spectra columns

labels = spectra df.columns.tolist()

# === Step 3: Find peaks near 390 and 410 ===

def find peak positions(y, x, target regions):
"""Find peak positions in target regions given by [ (min,max),
peaks, = find peaks(y)
peak positions = x[peaks]
peak values = y[peaks]

. ] mwmoan

found peaks = []
for region in target regions:
mask = (peak positions >= region[0]) & (peak positions <= region[1l])
if np.any (mask) :
# Pick the highest peak in the region
idx = np.argmax(peak values[mask])
region peaks = peak positions[mask]
found peaks.append(region peaks[idx])
else:
found peaks.append(np.nan) # No peak found
return found peaks

peak separations = []
for i, col in enumerate (spectra df.columns):
y = spectra df[col].astype(float) .values
pl, p2 = find peak positions(y, x, target regions)
if not np.isnan(pl) and not np.isnan(p2):
separation = abs(p2 - pl)
peak separations.append( (i, pl, p2, separation))

# === Step 4: Pick 6 spectra with unique separations ===
unique spectra = []
used separations = []

for entry in sorted(peak separations, key=lambda e: e[3]): # sort by
separation
if not any(abs(entry[3] - used) < 0.01 for used in used separations):

# 0.01 tolerance so close separations aren't "unique"
unique spectra.append (entry)
used separations.append(entry[3])
if len(unique spectra) == num wanted:
break

# === Step 5: Plot ===
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plt.
for

6))

unique spectra:

figure (figsize=(10,
idx, pl, p2, sep in
label = labels[idx]
plt.plot(x, spectra df.iloc[:, idx], label=f"{label} | A = {sep:.2f} cm™'")
plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.

x1im (375, 430)

ylim (700, 1700)

xlabel ("Raman Shift (cm™?!')")

ylabel ("Intensity (a.u.)")

title ("6 Raman Spectra with Unique Peak Separations")
legend()

tight layout ()

show ()

Plot All Overlaid.py

Description: Plots all Raman Spectra in the Excel File, overlaid.

How to Use: Change file path to your data. Change xlim and ylim to your preferences.

import
import
import
import
import

numpy as np
pandas as pd
matplotlib.pyplot as plt
matplotlib.cm as cm
matplotlib.colors as mcolors

from matplotlib.cm import get cmap

import

seaborn as sns

from scipy.signal import find peaks

file path = "example.xlsx"

df = pd.read excel (file path)

# === Extract x-axis (Raman shift values) from the first column ===
wavenumbers = df.iloc[:, 0].values

# === Extract spectral data (excluding the first column) ===

spectra df = df.iloc[:, 1:]
# === Generate a color for each column ===
colors = |
(0.0, 0.0, 0.9),
(0.80, 0.0, 0.0y,
(0.25, 0.69, 0.65)
#(1.0, 0.75, 0.0),
#(0.0, 0.0, 0.0)
]
# === Plot all spectra overlaid ===

plt.figure (figsize=(8,
plt.x1im (375,
plt.ylim (700,

10))
430)
1800)





Author: Mitchell Hung
Date: 08/22/2025

for i, col name in enumerate (spectra df.columns) :
plt.plot (wavenumbers, spectra df.iloc[:, i].values, color=colors[i],
label=col name, linewidth=4)

#plt.legend(fontsize=8, bbox to anchor=(1.05, 1), loc='upper left')
plt.title("Overlaid Raman Spectra", fontsize=14)

plt.xlabel ("Raman Shift (cm$"~{-1}$)")

plt.ylabel ("Intensity")

plt.grid(True)

plt.tight layout()
plt.show ()

# === Function to compute peak separations for each spectrum ===
def compute peak separations(wavenumbers, intensity, prominence=50):
peaks, = find peaks(intensity, prominence=prominence)
peak positions = wavenumbers [peaks]
separations = np.diff (peak positions)
return peak positions, separations

# === Loop through each spectrum and compute peak separations ===
for i, col name in enumerate (spectra df.columns) :
intensity = spectra df.iloc[:, i].values

peak positions, separations = compute peak separations(wavenumbers,
intensity)

print (f"\nSpectrum: {col name}")
print (f" Peak Positions: {np.round(peak positions, 2)} cm ")
print (f" Separation Distances: {np.round(separations, 2)} cm *")

KBr Volume vs FWHM.py

Description: Plots Full-Width-Half-Max vs. KBr Volume
How to Use: The current data is hardcoded in. You may need to change the values. Specifically,

the extract day label function may need to be changed.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from scipy.signal import find peaks, peak widths, medfilt
import re

file path = "example.xlsx"

# === Load dataset ===
df = pd.read excel (file path)

wavenumbers = df.iloc[:, 0].values
spectra df = df.iloc[:, 1:]
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headers = df.columns[1l:]

# === Function to map Day to concentration label ===
def extract day label (label) :
match = re.match (r" (\d+)", label)

if not match:

return None
day = int (match.group(l))
if day in [1, 2]:

return "2mL KBr"
elif day ==

return "1lmL KBr"
elif day == 10:

return "0.5mL KBr"
elif day == 15:

return "0.5mL KBr (diff. conditions)"

else:
return f"Day {day}" # fallback in case of unexpected day
# === Initialize storage ===
all fwhm = []

group_ labels = []

# === Process each spectrum ===

for col name in headers:
spectrum = spectra df[col name].values
spectrum = medfilt (spectrum, kernel size=5)

# Find peaks
peaks, = find peaks (spectrum, height=100, distance=5)

if len(peaks) < 4:
continue # Skip if not enough peaks

# Get top 4 peaks by intensity
top peak indices = peaks[np.argsort (spectrum[peaks]) [-4:]]
selected = top peak indices[np.argsort (spectrum[top peak indices]) [:2]]

# FWHM for each selected peak

for peak idx in selected:
results _half = peak widths(spectrum, [peak idx], rel height=0.5)
width cml = results half[0] [0] * (wavenumbers[l] - wavenumbers[0])
all fwhm.append(width cml)
group labels.append(extract day label (col name))

# === Create DataFrame for plotting ===
result df = pd.DataFrame ({

'Group': group labels,

'FWHM': all fwhm
})

# === Plot boxplot of FWHM grouped by concentration ===
plt.figure (figsize=(8, 6))

result df.boxplot (column='FWHM', by='Group', grid=False)
plt.title ("FWHM by KBr Concentration / Growth Condition")
plt.suptitle("") # Remove automatic title

plt.xlabel ("Group")

plt.ylabel ("EFWHM (cm$™{-1}$)")





plt.xticks (rotation=15)
plt.tight layout()
plt.show ()
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FWHM vs Peak Height Ratio.py

Description: Plots Full-Width-Half-Max versus Peak Height Ratio.

How to Use: Change the file path, change the day to volume legend if needed.

import numpy as np
import pandas as pd

import matplotlib.pyplot as plt

from scipy.signal import find peaks, peak widths
import mplcursors
import matplotlib.
import matplotlib.

cm as cm
colors as mcolors

from scipy.signal import medfilt # Add this import at
file path = "example.xlsx"
day to volume = {

"01l": "2 mL KBr",

"02": "2 mL KBr",

"07": "1 mL KBr",

"10": "0.5 mL KBr",

"15": "0.5 mL KBr (alt growth)"
}
# === Load Raman Data ===
df = pd.read excel (file path)
# === Extract x-axis and spectra ===
x axis = df.iloc[:, 0].values

data = df.iloc[:, 1:]

# Assign day labels
def extract day(label):
parts str (label) .split ("|")
return parts([0].strip() if len(parts)

> 1 else

day labels [extract day(col) for col in data.columns]
# Get unique volume labels in the order they appear
volume labels []
seen set ()
for day in day labels:
label day to volume.get (day,
if label not in seen:
volume labels.append(label)
seen.add (label)

"Unknown")

# Assign a unique marker per volume

the top

"Unknown"
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marker styles = ['o', 's', '~', 'D', 'P', 'X', 'v', '<', '>', '"*'] # extend if
needed
volume to marker = {vol: marker styles[i % len(marker styles)] for i, vol in

enumerate (volume labels) }

# === Storage ===

plot data = [] # Each item: (distance, ratio, fwhm, label, day)
temp = 0

# === Main Loop ===

for i, col in enumerate (data.columns) :
spectrum = data[col].values

smoothed spectrum = medfilt (spectrum, kernel size=5)

# Peak detection on filtered data
peaks, = find peaks (smoothed spectrum, prominence=10)

if len(peaks) >= 4:
# Get indices of top 4 peaks by height in filtered spectrum
top4 idx unsorted = peaks[np.argsort (smoothed spectrum[peaks]) [-4:]]

# Pick two lesser peaks by height among top 4
top4 heights = smoothed spectrum[top4 idx unsorted]
two lesser indices in top4 = np.argsort(top4 heights) [:2]

selected peaks idx = top4 idx unsorted[two lesser indices in top4]
selected peaks idx =
selected peaks idx[np.argsort(x axis[selected peaks idx])]

x peaks = x axis[selected peaks idx]
y_peaks smoothed spectrum|[selected peaks idx]

dist = abs(x peaks[l] - x peaks[0])
#fprint (dist)
ratio = y peaks[l] / y peaks[0] if y peaks[0] != 0 else np.nan

# Calculate FWHM on filtered data
widths result = peak widths(smoothed spectrum, selected peaks idx,
rel height=0.5)

fwhms widths result[0]

def index to cm(index diff):
return index diff * (x axis[1l] - x axis[0])

fwhml = index to cm(fwhms[0])
fwhm2 = index to cm(fwhms[1])

delta x = 0.02

day = day labels[i]
delta fwhm = abs (fwhm2 - fwhml)

temp += delta fwhm
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label base = f"{col}\nAFWHM: {delta fwhm:.2f} cm ™ *"

plot data.append((dist - delta x, ratio, fwhml, f"{label base}\nPeak
I\nFWHM: {fwhml:.2f}", day))

plot data.append((dist + delta x, ratio, fwhm2, f"{label base}\nPeak
2\nFWHM: {fwhm2:.2f}", day))

else:
print (f"{col}: Not enough peaks found (found {len (peaks)})")

# === Group into pairs and compute statistics ===
delta fwhm array = []
delta ratio array = []

for 1 in range (0, len(plot data), 2):
if 1 + 1 < len(plot data):
, ratiol, fwhml, , = plot datali]

:, ratio2, fwhm2, , = plot datal[i + 1]

delta fwhm = abs(fwhml - fwhm2)
delta ratio = abs(ratiol - ratio2)

delta fwhm array.append(delta_ fwhm)
delta ratio array.append(delta ratio)

# Convert to numpy arrays
delta fwhm array = np.array(delta fwhm array)
delta ratio array = np.array(delta ratio array)

# === Compute statistics ===
mean delta fwhm = np.nanmean (delta fwhm array)
std delta fwhm = np.nanstd(delta fwhm array)

mean delta ratio = np.nanmean(delta ratio array)
std delta ratio = np.nanstd(delta ratio array)

# Optional symmetry mask (define your own threshold)

fwhm thresh = 0.5

ratio thresh = 0.01

symmetry mask = (delta fwhm array < fwhm thresh) & (delta ratio array <
ratio thresh)

symmetry percent = np.sum(symmetry mask) / len(delta fwhm array) * 100

# === Print results ===

print (f"Mean AFWHM: {mean delta fwhm:.3f} cm ' *+ {std delta fwhm:.3f}")
print (f"Mean ARatio: {mean delta ratio:.3f} * {std delta ratio:.3f}")
print (f"Symmetric Pairs (AFWHM < {fwhm thresh} & ARatio < {ratio thresh}):
{symmetry percent:.1£f}%")

# === Normalize Peak Separation Distance for colormap ===
all dists = [item[0] for item in plot data]
dist norm = mcolors.Normalize (vmin=min(all dists), vmax=max(all dists))

cmap = cm.jet

# === Plotting by marker shape ===
fig, ax = plt.subplots(figsize=(10, 6))
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annotations = []

# === Draw gray lines between each pair (Peak 1 and Peak 2 from the same
spectrum) ===
for 1 in range (0, len(plot data), 2):
if 1 + 1 < len(plot _data):

xl, yl = plot datali][2], plot datali][l] # FWHM, Ratio for Peak 1

x2, y2 = plot data[i + 1][2], plot datali + 1][1] # FWHM, Ratio for
Peak 2

ax.plot ([x1, x2]1, I[yl, y2], color='gray', linestyle='-', linewidth=1,
alpha=0.5)

for vol label in volume labels:
marker = volume to marker[vol label]

xs, ys, cs, labels = [], [1, [I, T[]
for (dist, ratio, fwhm, label, d) in plot data:
if day to volume.get(d, "Unknown") == vol label:
xs.append (fwhm) # Now x is FWHM
ys.append (ratio) # y stays the same
cs.append(cmap (dist norm(dist))) # Color by peak distance

labels.append(label)
scatter = ax.scatter(xs, ys, c=cs, marker=marker, edgecolors='black',6 s=60,
label=vol label)
scatter.labels = labels

# === Cursor Hover with correct label mapping ===
cursor = mplcursors.cursor (hover=True)

@Qcursor.connect ("add")
def on_add(sel):
scatter artist = sel.artist
index = sel.index
if hasattr(scatter artist, "labels"):
sel.annotation.set text(scatter artist.labels[index])

# === Axes and legend ===

ax.set xlabel ("FWHM (cm *)") # x-axis now FWHM

ax.set ylabel ("Avg. Ratio of Peak Heights")

ax.set title("Raman: FWHM vs Height Ratio\n(Peak Separation Color, Day Shape)")
ax.grid(True)

# === Colorbar ===

sm = plt.cm.ScalarMappable (cmap=cmap, norm=dist norm)
sm.set array([])

cbar = plt.colorbar(sm, ax=ax)

cbar.set label ("Peak Separation Distance (cm™')")

# === Marker Legend ===
ax.legend (title="KBr Volume")

plt.tight layout()
plt.show ()

Data Renormalization.py
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Description: In case the Raman Spectroscopy laser shuts off and messes with the magnitude of
the laser, use this code to match up mins and maxs across days.
How To Use: Change file path to your desired excel file. Change location to save to where you

want the renormalized data to be.

import pandas as pd
from scipy.signal import medfilt

import numpy as np

file_path = "example.xlsx"

location_to save = "example normalized.xlsx

# === Step 1: Load data from Excel ===
df = pd.read excel(file path, skiprows=[1])

=== Step 2: Clean column headers ===
df.columns = df.columns.str.strip()

df.columns.values[0] = "Raman Shift"

=== Step 3: Extract date from headers ===
def extract date(header):
parts = str(header).split("|")
return parts[0].strip() if len(parts) > 1 else "Unknown"

original headers = df.columns[1:]

dates = [extract_date(col) for col in original headers]

# === Step 4: Prepare data ===
df raman = df.copy()

df raman.set index("Raman Shift", inplace=True)
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=== Step 5: Group columns by date ===
date_groups = {}
for col, date in zip(original headers, dates):

date_groups.setdefault(date, []).append(col)

# === Step 6: Get global min and max over ALL data ===
global min = df raman.min().min()
global max = df raman.max().max()

print(f"Global min: {global min:.2f}, Global max: {global max:.2f}")

# === Step 7: Normalize each day's spectra using min-max scaling to global range ===
df scaled = df raman.copy()
for date, cols in date groups.items():

day data = df raman[cols]

day min = day data.min().min()

day max = day data.max().max()

if day max == day_min:
print(f"Warning: Day {date} has flat spectra; skipping scaling.")

continue

# Apply min-max normalization to global range
scaled = (day_data - day min)/ (day_max - day min) # scale to 0—1
scaled = scaled * (global max - global min) + global min # scale to global min—max

df scaled[cols] = scaled

print(f"Scaled {date}: local min {day min:.2f}, max {day max:.2f} — global min
{global min:.2f}, max {global max:.2f}")

# === Step 8: Save output ===





df scaled.reset index(inplace=True)

df scaled.to_excel(location_to_save, index=False)
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Fake Data Constructor.py

Description: Generates false testing data
Generates a 1D signal with:

- 1 to 4 sharp Gaussian peaks at random locations

- 1 forced sharp Gaussian peak near the start (index 5-10)
- 1 to 2 broad Gaussian hills placed away from sharp peaks

- Low frequency structured noise and white noise

Parameters:
- n: length of the signal array
- x_start, x_end: range for x-axis values

- random_seed: int or None for reproducibility

Returns:
- X: numpy array of x-axis values

- signal: numpy array of the generated signal

import numpy as np

import matplotlib.pyplot as plt
from scipy.signal import gaussian
from numpy.fft import ifft

import time

def generate signal (n=1500, x start=0, x end=1200,

if random seed is not None:
np.random. seed (random_seed)

x = np.linspace(x _start, x _end, n)
signal = np.zeros(n)

# 1. Sharp Gaussian peaks

sharp centers = []

sharp heights = []

num bumps = np.random.randint (1, 5)

random seed=None) :
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for in range (num bumps) :
center = np.random.randint (0, n)
width = np.random.randint (2, 5)
height = np.random.uniform (300, 450)

bump = height * gaussian(n, std=width)
bump = np.roll (bump, center - n // 2)
signal += bump

sharp centers.append (center)
sharp heights.append (height)

# 2. Forced sharp peak near start (index 5-10)
forced center = np.random.randint (5, 11)
if sharp heights:
max_height = max(sharp heights)
else:
max_ height

400

forced height = max height * np.random.uniform(0.6, 0.8)
forced width = np.random.randint (2, 5)

forced peak = forced height * gaussian(n, std=forced width)
forced peak = np.roll(forced peak, forced center - n // 2)
signal += forced peak

sharp centers.append(forced center)
sharp heights.append (forced height)

# 3. Broad hills away from sharp peaks
num_hills = np.random.randint (1, 3)
min distance = 200

hill attempts = 0

max_attempts = 20

added hills = 0

while added hills < num hills and hill attempts < max attempts:
center = np.random.randint (0, n)
if all(abs(center - c¢) > min distance for c in sharp centers):
width = np.random.randint (100, 300)
height = np.random.uniform (40, 75)
hill = height * gaussian(n, std=width)
hill = np.roll(hill, center - n // 2)
signal += hill
added hills += 1
hill attempts += 1

# 4. Low-frequency structured noise

freq noise = (np.random.randn(n) + 1j * np.random.randn(n))
low pass_window = np.exp(-np.linspace (0, 8, n))

freq noise *= low pass_window

time noise = np.real (ifft (freg noise))

# 5. Add noise to signal
signal += 5 * time noise
signal += 5 * np.random.randn (n)
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return x, signal

# Example usage:

random seed = int(time.time())

x, signal = generate signal (random_ seed=random seed)
plt.figure (figsize=(12, 4))

plt.plot(x, signal, color='darkgreen')

plt.title ("Random Data with Forced Sharp Peak and Conditional Broad Hills")
plt.xlabel ("x")

plt.ylabel ("Signal")

plt.grid(True)

plt.tight layout()

plt.show ()

ICA, PCA, and NMF ANALYSIS

Spectrum Reconstruction (NMF and PCA)

Description: Reconstructs the spectra using PCA and NMF data.
How to Use: Change the file path to what is needed, alter n_components_abc and

n_samples _to plot to alter the graph.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler

from sklearn.decomposition import PCA, NMF, TruncatedSVD

file path = "example.xlsx"
n_components pca = 5
n_components nmf = 5
n_samples to plot = 3

df = pd.read excel (file path)

data = df.T #each row = one spectrum, columns = Raman shifts

sample labels = data.index.astype(str).tolist() # sample names now are
original column headers

#Standardize data
scaler = StandardScaler ()
data std = scaler.fit transform(data)

#Denoise with TruncatedSVD
svd = TruncatedSVD(n_ components=7, random state=42)

data svd = svd.fit transform(data std)

#PCA Reconstruction
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pca model = PCA(n_components=n_components pca)

X pca = pca model.fit transform(data std)

X pca reconstructed std = X pca @ pca model.components + pca model.mean
X pca reconstructed = scaler.inverse transform(X pca reconstructed std)

#NMF reconstruction
data min = data.min() .min ()
data shifted = data - data min if data min < 0 else data.copy()

nmf model = NMF (n_components=n_components nmf, init='random', random state=42,
max iter=1000)
W = nmf model.fit transform(data shifted)
H = nmf model.components
X nmf reconstructed = W @ H # in shifted scale
if data min < 0:
X nmf reconstructed += data min # shift back

#Double-Checking x-axis
try:

wavenumbers = data.columns.astype (float)
except:

wavenumbers = np.arange (data.shape[l])

#Plot some random sample reconstructions

np.random.seed (42)

sample indices = np.random.choice (data.shape[0], size=n_samples to plot,
replace=False)

for idx in sample indices:
original = data.iloc[idx].values
reconstructed pca = X pca reconstructed[idx]
reconstructed nmf = X nmf reconstructed[idx]

plt.figure(figsize=(10, 5))

plt.plot (wavenumbers, original, label='Original', color='black',
linewidth=2)

plt.plot (wavenumbers, reconstructed pca, label='PCA Reconstruction',
color="blue', linestyle='--")

plt.plot (wavenumbers, reconstructed nmf, label='NMF Reconstruction',
color="'green', linestyle='-.")

plt.title(f"Spectrum {sample labels[idx]} - Reconstruction Comparison")

plt.xlabel ("Raman Shift (cm™*)")

plt.ylabel ("Intensity")

plt.legend()

plt.grid(True)

plt.tight layout()

plt.show ()

PCA Visualization.py

Description: Comparison of PC1 vs PC2 plotting

How to Use: Insert your file path, change n_components based on preference
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# %matplotlib gt

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import matplotlib.patches as mpatches

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA, TruncatedSVD
import mplcursors # pip install mplcursors

file path = "example.xlsx"
n_components = 5

df = pd.read excel (file path)
x _axis = df.iloc[:, 0].values
spectra df = df.iloc[:, 1:]

data = spectra df.T
sample labels = data.index.astype (str).tolist()

#Extract Sample Dates for Coloring
def extract date(label):
parts = str(label).split("|")
return parts[0].strip() if len(parts) > 1 else "Unknown"

sample dates = [extract date(label) for label in sample labels]

unique dates = sorted(set (sample dates))

date _to color = {date: plt.cm.tab20(i / len(unique dates)) for i, date in
enumerate (unique dates)}

sample colors = [date to color[date] for date in sample dates]

scaler = StandardScaler ()
data std = scaler.fit transform(data)

#Denoising with TruncatedSVv
svd = TruncatedSVD(n_ components=7, random state=42)
data svd = svd.fit transform(data std)

#PCA Dimensionality Reduction
pca = PCA(n_components=n_ components, random state=42)
S pca = pca.fit transform(data svd)

#PCA Component Metrics
variances = np.var (S _pca, axis=0)
mean magnitudes = np.mean(np.abs (S pca), axis=0)

pca_importance df = pd.DataFrame ({
'PC': [£'PC{i+1l}' for i in range(n_components)],
'Variance': variances,
'Mean Magnitude': mean magnitudes

P

print ("PCA component importance metrics:")
print (pca_importance df)
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#PCA to 2D for Visualization
pca 2d = PCA(n_components=2, random state=42)
pca_2d result = pca 2d.fit transform(data std)

#Shift to Non-negative for Visualization
pca 2d nonneg = pca 2d result - np.min(pca 2d result, axis=0)

#Color Scaling by PCA magnitude

color values pca = np.linalg.norm(pca 2d nonneg, axis=l)

norm color pca = (color values pca - color values pca.min()) /
(color values pca.max() - color values pca.min())

scatterl = plt.scatter(pca 2d nonneg[:, 0], pca 2d nonneg[:, 1],
color=sample colors, edgecolors='k', alpha=0.85)

plt.title("2D PCA (Shifted to Non-negative) of Standardized Spectral Data")
plt.xlabel ("PC1")

plt.ylabel ("PC2")

plt.grid(True)

#Legend

NUM COLUMNS = 1

LEGEND TITLE = "Sample Date"

LEGEND_FONT SIZE = 9

LEGEND LOCATION = "upper left"

LEGEND BOX ANCHOR = (1.05, 1)

legend handles = |
mpatches.Patch (color=date to color[date], label=date)
for date in unique dates

]

plt.legend/(
handles=legend handles,
title=LEGEND TITLE,
title fontsize=LEGEND FONT SIZE,
fontsize=LEGEND FONT SIZE,
loc=LEGEND LOCATION,
bbox to anchor=LEGEND BOX ANCHOR,
ncol=NUM COLUMNS,
borderaxespad=0.5

)

# === Hover Info ===
cursorl = mplcursors.cursor (scatterl, hover=True)
@Qcursorl.connect ("add")
def on_add(sel):
sel.annotation.set (text=f"Sample: {sample labels[sel.index]}")

plt.show ()

PCA Explained Variance

Description: Show the explained variance based on number of components
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How to Use: Upload your file path, then change n_components to visualize the explained

variance.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

file path = "example.xlsx"
n_components = 5

data = pd.read excel (file path)

#Compute global baseline

individual means = data.mean (axis=1)
global baseline = individual means.mean()

print (f"Global average baseline: {global baseline:.4f}")

pca = PCA()
pca_result = pca.fit transform(data)

#Plot top 5 PCA components
plt.figure(figsize=(10, 6))

for i in range(n components): # PCl to PC5
component = pca.components [i]

# Flip sign if negative-dominant
if np.mean (component) < O:

component = -—-component

# Median-center and shift to start at zero

component zeroed = component - np.median (component)

# Add to plot

plt.plot(x _axis, component zeroed, label=f'PC{i+l}")

plt.x1im (350, 550)

plt.ylim(-0.35, 0.3)

plt.xlabel ("Raman Shift")

plt.ylabel ("Normalized Component Intensity")

plt.title("Top 5 PCA Components (Overlaid, Median-Centered, Peak Normalized)")

plt.legend()

plt.grid(True, linestyle='--', alpha=0.5)
plt.tight layout()

plt.show ()

NMF Explained Variance

Description: Explained variance for NMF by number of components

How to Use: Uploaded Excel file change n_components.
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# %matplotlib gt # interactive window

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import matplotlib.patches as mpatches

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import NMF, TruncatedSVD
import mplcursors # pip install mplcursors

file path = "example.xlsx"
n_components = 5

df = pd.read excel (file path)

x _axis = df.iloc[:, 0].values

spectra df = df.iloc[:, 1:]

data = spectra df.T

sample labels = data.index.astype (str).tolist()

#Extract Sample Dates for Color
def extract date(label):
parts = str(label) .split("|")
return parts([0].strip() if len(parts) > 1 else "Unknown"

sample dates = [extract date(label) for label in sample labels]

unique dates = sorted(set (sample dates))

date to color = {date: plt.cm.tab20(i / len(unique dates)) for i, date in
enumerate (unique dates) }

sample colors = [date to color[date] for date in sample dates]

scaler = StandardScaler ()
data std = scaler.fit transform(data)

#Denoising with TruncatedSVD
svd = TruncatedSVD(n_components=7, random state=42)
data svd = svd.fit transform(data std)

#Shift data to positive (required for NMF)
data shifted = data svd - np.min(data_ svd)

#NMF Dimensionality Reduction

nmf = NMF (n components=n_components, init='nndsvd', random state=42,
max_ iter=1000)

W = nmf.fit transform(data shifted)

H = nmf.components

#NMF Component Importance
variances = np.var (W, axis=0)
mean magnitudes = np.mean (W, axis=0)

nmf importance df = pd.DataFrame ({
'Component': [f£'NMF{i+1}' for i in range(n components)],
'Variance': variances,
'Mean Magnitude': mean magnitudes

P
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print ("NMF component importance metrics:")
print (nmf importance df)

Reduce to 2D for Visualization
nmf 2d = NMF (n_components=2, init='nndsvd', random state=42, max iter=1000)
W 2d = nmf 2d.fit transform(data shifted)

#Color scaling by NMF 2D magnitude

color values nmf = np.linalg.norm(W_2d, axis=1)

norm color nmf = (color values nmf - color values nmf.min()) /
(color values nmf.max() - color values nmf.min())

#Scatter Plot
scatterl = plt.scatter(Ww 2d[:, 0], W_2d[:, 1],
color=sample colors, edgecolors='k', alpha=0.85)

plt.title("2D NMF of Standardized Spectral Data")

plt.xlabel ("NMF1")

plt.ylabel ("NMF2")

plt.grid(True)

#Optional legend

NUM COLUMNS = 1

LEGEND TITLE = "Sample Date"

LEGEND_FONT SIZE = 9

LEGEND LOCATION = "upper left"

LEGEND BOX ANCHOR = (1.05, 1)

legend handles = |
mpatches.Patch (color=date to color[date], label=date)
for date in unique dates

]

plt.legend/(
handles=legend handles,
title=LEGEND TITLE,
title fontsize=LEGEND FONT SIZE,
fontsize=LEGEND FONT SIZE,
loc=LEGEND LOCATION,
bbox to anchor=LEGEND BOX ANCHOR,
ncol=NUM COLUMNS,
borderaxespad=0.5

# === Hover Info ===
cursorl = mplcursors.cursor (scatterl, hover=True)
@Qcursorl.connect ("add")
def on add(sel):
sel.annotation.set (text=f"Sample: {sample labels[sel.index]}")

plt.show ()

ICA Explained Variance.py
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Description: Explained Variance by ICA by number of components

How to Use: Upload your file path and change n_components to preferred (5 default)

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.decomposition import FastICA

file path = "example.xlsx"
n_components = 5

df = pd.read excel (file path)

df clean = df.drop(index=0) .reset index (drop=True)

x_axis = df clean["REMOVE"] .astype (float) .values

spectra = df clean.drop(columns=["REMOVE"]) .astype (float)

#ICA

ica = FastICA(n_components=n_components, random state=42, max iter=1000)
ica result = ica.fit transform(spectra.T)

components = ica.components

#Plot ICA components
plt.figure(figsize=(10, 6))

for 1 in range(n_components):
component = components([i]

# Flip ICl and IC4 for visual alignment
if i in [0, 3]:
component = —-component

component zeroed = (component - np.median(component)) * 10000
plt.plot(x _axis, component zeroed, label=£f'IC{i+l1}")

plt.x1im (300, 600)

plt.ylim(-10, 10)

plt.xlabel ("Raman Shift (cm$*{-1}$)")

plt.ylabel ("Normalized Component Intensity")

plt.title("Top 5 ICA Components (Median-Centered, Scaled)")

plt.legend ()

plt.grid(True, linestyle='--', alpha=0.5)
plt.tight layout()

plt.show()

#ICA mixing matrix (sample weights)

ica result[:, 0] *= -1
ica result[:, 3] *= -1
ica df = pd.DataFrame (ica result, columns=[f"IC{i+1}" for i in

range (ica result.shape[l])])

print ("ICA Mixing Matrix (first x samples):")
print (ica_df.head())
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IC1 vs IC2.py

Description: IC1 component vs IC2 component, plotted

How to Use: Change the file path

# %matplotlib gt # Optional for interactive windows in Spyder

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler

from sklearn.decomposition import FastICA, NMF, PCA, TruncatedSVD
import mplcursors # pip install mplcursors if needed

from matplotlib import cm

file path = "sample.xlsx"

# === Load data ===
df = pd.read excel (file path)

x _axis = df.iloc[:, 0].values

spectra df = df.iloc[:, 1:]

data = spectra df.T

sample labels = data.index.astype (str).tolist()

def extract date(label):
parts = str(label) .split("|")
return parts([0].strip() if len(parts) > 1 else "Unknown"

sample dates = [extract date(label) for label in sample labels]

unique dates = sorted(set (sample dates))

date to color = {date: cm.Set2(i / len(unique dates)) for i, date in
enumerate (unique dates) }

# date to color = {date: cm.viridis(i / len(unique dates)) for i, date in
enumerate (unique dates) }

sample colors = [date to color[date] for date in sample dates]

data = spectra df.T

sample labels = data.index.astype (str).tolist()
scaler = StandardScaler ()

data std = scaler.fit transform(data)

#Denoised with TruncatedSVD
svd = TruncatedSVD (n_components=7, random state=42)
data svd = svd.fit transform(data std)

#ICA on denoised

n_components = 5

ica = FastICA(n_components=n_components, random state=42)
S ica = ica.fit transform(data svd)

#Make nonnegative by shifting
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S ica nonneg = S ica - np.min(S_ica, axis=0)

ica df = pd.DataFrame (S ica nonneg, columns=[f"IC{i+1}" for i in
range (n_components) ], index=sample labels)

variances = np.var(S_ica nonneg, axis=0)
mean magnitudes = np.mean(S_ica nonneg, axis=0)

ica_ importance df = pd.DataFrame ({
'IC': [£'IC{i+1l}' for i in range(n_components)],
'Variance': variances,
'Mean Magnitude': mean magnitudes

)

print ("Non-negative ICA component importance metrics:")
print (ica importance df)

# === Reduce to 2D using ICA again (with non-neg shift) ===
ica 2d = FastICA(n_components=2, random state=42)

ica 2d result = ica 2d.fit transform(data std)

ica 2d nonneg = ica 2d result - np.min(ica_ 2d result, axis=0)

plt.figure(figsize=(8, 6))
scatter = plt.scatter(ica_2d nonneg[:, 0], ica 2d nonneg[:, 1],
c=sample colors, edgecolors='k', alpha=0.85)
plt.colorbar (label="Color = Sample Date')
plt.title("2D ICA (Shifted to Non-negative) of Standardized Spectral Data")
plt.xlabel ("IC1")
plt.ylabel ("IC2")
plt.grid(True)

#Hover info
cursorl = mplcursors.cursor (scatter, hover=True)
@Qcursorl.connect ("add")
def on_add(sel):
sel.annotation.set (text=f"Sample: {sample labels[sel.index]}")

plt.show ()





