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ABSTRACT 

 

Three novel biosensor platforms will be discussed in this dissertation.  The first 

sensor aims to reduce the cost and complexity typically associated with obtaining an 

accurate white blood cell and differential count. For our biosensor, a drop of blood is 

obtained via fingerpick from a subject. The sample is diluted, and the white blood cells 

are separated and fluorescent stained while flowing through a custom paper 

microfluidic chip.  We than obtain a partial-differential and total WBC count using a 

using a smartphone and smartphone microscope attachment. This rapid classification 

could see use in resource poor settings as well as in modern settings where cost is a 

contributing factor. 

The second sensor uses an angular photodiode array to capture Mie scatter to 

rapidly diagnose cancer from a tissue surface.  This is achieved by illuminating a tissue 

sample at several different angles and measuring the scattered light intensity from 

several discrete angles that is attenuated and amplified based on the variation in the 

size, abundance, and refractive indices of several cellular and tissue structural elements. 

Small changes in these parameters result in observable variation in optical scattering 

from a tissue sample. We predict and model Mie scatter from several different 

structural elements.  The observed optical scattering obtained from rat and human 

tissue sets is consistent with our simulated findings, supporting our premise and 

encouraging further exploration. A device such as this could be a useful aid for 

clinicians diagnosing cancer by using it to detect cancer earlier. 
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  Our third device aims to meet the need of the South Korean coast guard to 

rapidly identify ocean oil spill samples in order to identify culpable parties, and inform 

clean-up efforts. We were tasked with designing a portable, lightweight, easy to use 

device to identify and classify oil spill samples. We designed a Raspberry-Pi based UV-

Fluorometer to measure fluorescence from three UVA light sources (365nm, 375nm, and 

385nm). The device is capable of accurately (95% correct classification) classifying 

samples into one of 4 broad categories (crude oil, heavy fuel oil (consisting of Bunker-C 

fuel oil and Marine Fuel Oil (MFO)), light fuel oil (consisting of all other fuel oils 

ranging from gasoline to Bunker-B), and lubricant oil) as well as provide an estimation 

of the samples’ physiochemical makeup in the form of the sample’s percent saturate, 

aromatic, resin, and asphaltene contents. 
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1 INTRODUCTION 

1.1 BIOSENSORS 

1.1.1  OVERVIEW OF BIOSENSORS 

The term ‘biosensor’ is a broad term that covers analytical devices that detect a 

signal correlated with the measurement of biological or organic agent presence and/or 

concentration.1  This classification covers most medical and biological research devices 

and has an increasing number of applications each year.  The success of a biosensor is 

usually based off its ability to excel in one or more of the following criteria: measurement 

of unique analytes2, low limits of detection1,3,4, label free detection5, rapid analysis5, cost 

effective design5, and novelty5. The present work focuses on designing devices that are 

portable, cost effective, and simple to use with an interest in label-free detection.  

Portable biosensors are ideal for reducing the time, cost, and training needed to 

analyze samples, increasing their usability5. Portable biosensors are particularly useful 

for rapid analytics in situations where trained scientists or technicians are unavailable to 

analyze the samples because the analytics can be performed by the device itself5.  The 

accessibility of this type of sensor means that they have the potential for frequent 

monitoring leading to reliable early detection.1 

1.1.2 OPTICAL BIOSENSORS 

The most popular biosensors are electrical biosensors and optical biosensors. 1  The 

focus of this research is on optical biosensors. Optical biosensors typically fall into four 

major categories: imaging, fluorescent detection, optical scattering, and 
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spectrophotometry.6 This list is far from exhaustive and there is extensive overlap 

between these categories, however it is a good starting point. Optical biosensors vary in 

complexity ranging from high cost, elaborate, devices that employ high energy 

femtosecond lasers, complex arrangements of mirrors and lenses, and photomultiplier 

tubes all the way down to simple systems consisting of a single LED to illuminate a 

sample and a single photodiode to measure the absorbance. As a result, optical biosensors 

vary dramatically both in their precision and ability to detect small changes as well as in 

their expense and complexity to use. 

1.1.2.1 FLUORESCENT DETECTION 

Many optical biosensor devices employ fluorescent probes to enable visualization 

of specific targets, illuminating the sample at a specific wavelength depending on the 

excitation wavelength of the chosen fluorescent probe.  

Fluorescent probes can take the form of non-specific fluorescent dyes that label 

specific types of targets, for example, SYBR Green is often employed in quantitative PCR 

and PCR based biosensors because it is known to label DNA. However, for more precise 

and less universal targets it becomes valuable to employ Ab (antibody) conjugated dyes 

that bind to specific targets enabling optical sensors to label virtually any biological 

target. The major drawback of Ab conjugated dyes is their cost since antibodies are 

produced inside animal models. Additional, drawbacks arise if the fluorescent probe you 

have selected exhibits non-specific binding with other targets and components in your 

system, as is the case with SYBr Green and cellulose paper.  
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1.1.2.2 OPTICAL SCATTERING 

An alternative to fluorescence detection of a sample is measuring the optical 

scattering from the sample. When light interacts with a sample it is either transmitted 

through the sample, reflected from the surface, absorbed by the sample, or scattered by 

the sample.  Scattering occurs when the light interacts with localized non-uniformities 

(such as cells7, water droplets, poly-styrene beads8, etc.) in the sample through which the 

light is passing or interacting. These non-uniformities sum together averaging out over 

multiple individual scattering events resulting in predictable patterns.  

However, light scatter is an umbrella term that includes several different 

phenomena. The two major subclasses are elastic light scatter (where the energy of an 

incident photon is conserved) and inelastic light scatter (where the energy in the scatter 

photon is lower than the incident photon).9 

Elastic scatter can be further broken down based on the size of the wavelength of light 

relative to the surface characteristics it is interacting with.  For surface characteristics that 

are larger than the wavelength of light we observe Mie scatter (which is the type of scatter 

the present work is interested in; additionally, it is responsible for phenomena such as 

why clouds appear white), for objects smaller than the incident light we observe Rayleigh 

scattering (which is the scatter that is responsible for the sky appearing blue). Inelastic 

scattering includes Raman scattering, Brilllouin scatter, and Compton scattering.  

Of all these types of scatter the types that see the most use in biosensor applications 

are Mie scatter7 and Raman scattering10. Mie scattering is useful because many of the 
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biological structures that we are interested in detecting changes in are somewhat larger 

than the wavelengths of visible light.  In the optical sciences Mie scatter is measured in 

order to image short distances into a tissue withtechniques like low coherence 

interferometry that allow for depth resolved imaging of tissue samples somewhat akin to 

ultrasound11. Our approach is somewhat different where we are more interested in 

finding simple angle resolved differences in scatter between different sample types. 

1.1.2.3 SPECTROPHOTOMETERS 

Spectrophotometry is a quantitative measurement of the reflection or transmission 

and fluorescent properties of a material in UV, visible and infrared wavelengths. The real 

strength of spectrophotometry is that it provides a spectral fingerprint for a sample which 

reflects the molecular and bulk properties of a sample. 

Drawbacks of spectrophotometers is that they are traditionally large, expensive 

and require time and training to prepare samples for use. Recently developed 

miniaturized spectrophotometers allow this classification technique to be integrated into 

other systems and employed more easily away from the benchtop.12 Toward this end a 

number of groups have integrated spectrophotometers into smartphone or other portable 

biosensors.13 

 

1.2 TARGETS OF INTEREST 

1.2.1 WHITE BLOOD COUNTS 
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Charachterizing blood is a valuable predictive indicator of health.  Not the least of 

these health markers are the blood cell counts. Blood consists of two major cell categories, 

red blood cells (RBC) , and white blood cells (WBC).  A low RBC count is a direct marker 

of anemia, however, changes in WBC counts are also useful indicators of different disease 

states including detection of bacterial infection, autoimmune disorders and cancer.14–16  

White blood cell classification is based on the microscopic visualization of 

granules (or lack thereof) in the cytoplasm. These granules are loaded with enzymes and 

signal peptides. Granulocytes (WBCs named as such because of the presence of granules) 

are further sub categorized into neutrophils, basophils, and eosinophils based on the 

color under Hemoxylin and Eosin staining. Agranulocytes (those cells lacking visible 

granules) are further subdivided into lymphocytes and monocytes.  

Chronic diseases such as cancer and autoimmune disorders result in changes in 

lymphocyte counts14,15, while acute diseases and injuries like bacterial infection result in 

changes in neutrophil counts16. Parasite presence is detectable by changes in eosinophil 

concentration. Because so much can be gleaned based off this simple count, a complete 

blood count (CBC) has become one of the standard tests that clinicians call for when they 

are trying to determine what is wrong with their patients. The two methods for 

completing a CBC are the traditional method where the cells are stained and manually 

counted under a microscope. However, in a desire to automate the procedure it is more 

regularly completed by flow cytometry.  
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It should be noted that flow cytometers are expensive pieces of machinery that 

require trained personnel to operate. This cost, and bulk is especially limiting in resource 

poor settings. Because of this there is a need for simpler methods for obtaining these 

useful differential counts. 

1.2.2 COLON CANCER 

For the purposes of this dissertation the term “colon cancer” refers to colon 

carcinoma which is a cancer of the colon epithelial cells. Structurally colon cancer is 

known to disrupt many cellular and tissue components.  A few of the more notable 

alterations include a reduction in the number of goblet cells17, and colonic crypts18,19, and 

an elevation in angiogenesis20 resulting in an increased number of tortuous leaky 

capillaries in tumors. 

1.2.3 OIL CLASSIFICATION 

1.2.3.1 OIL SPILLS 

Oil spills are a worldwide health and environmental hazard. However, the 

majority of spills aren’t the massive spills that get national and international attention. 21 

Smaller spills resulting from relatively small leaks in ship fuel lines and tanks still pose 

significant environmental risks and are significantly harder to identify and hold 

responsible parties accountable. Based on an internal report from the Korean Institute of 

Ocean and Science and Technology (KIOST) who helped fund part of this research; only 

41% of oil spills in the waterways surrounding South Korea from 2011 to 2015 resulted 
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in the accountable parties being captured and being held responsible. Furthermore, 

knowing what type of oil sample can inform the coast guard what methods should be 

employed for cleaning up the spill22 as the type of petroleum effects solubility23, 

toxicity24, and other physical properties. 

1.2.3.2 OIL CLASSIFICATION 

Crude oil and its derivatives can be classified many different ways. One of the 

easiest classifications is to split the samples up into crude oils, fuel oils, lubricating oils, 

and vegetable oils (such as coconut oil which is used as a fuel source in the South 

Pacific).    Fuel oil is any oil that is typically employed as a fuel. In the United States fuel 

samples are classified into groups 1-6 (skipping 3) based off of the boiling point and 

carbon chain length25.  Lighter fuels have a smaller classification numbers and lower 

viscosities. Number 1 and 2 fuel oils include kerosene and diesels respectively. 

Numbers 4 includes more commercial fuel oils that don’t require pre-heating. Numbers 

5 and 6 require pre-heating. Number 6 fuel oil is sometimes referred to as Bunker C or 

Marine Fuel Oil. This heavy fuel oil is one of the primary fuel sources for large marine 

vessels. 

For our classification purposes we subdivided oil into 4 categories: crude oil, 

lubricant oil, “light fuel oil” (consisting of all samples and mixtures ranging in size from 

number 1 fuel oil all the way down to number 5), and “heavy fuel oil” (which consists 

of number 6 fuel oil). 
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1.2.3.3 OIL PHYSIOCHEMICAL MAKEUP 

Oil samples are often characterized by their chemical make-up. Typically, the 

chemical contents of a sample can be broadly characterized into four categories26,27. 

Saturated hydrocarbons, which broadly grouped includes branched and linear 

hydrocarbons.  Aromatic hydrocarbons which includes hydrocarbons with one or more 

aromatic ring and little to no linear or branched residues.  Resins possess both saturated 

and aromatic residues. However, the upper size a resin is limited such that resins are 

soluble in solvents such as a maltene mixture whereas asphaltene hydrocarbons are 

considered to be larger analogs of resins.  Asphaltene molecules are massive 

hydrocarbons with many saturated and aromatic residues. 
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Figure: 1:  Examples of the four broad classes of hydrocarbons found in petroleum oil 

samples: saturates, aromatics, resins, and asphaltenes (SARA). Figure modified from: 

Hofhine. A Novel Petrochemistry Solution: SARA Fractionation of Crude Oil Using an 

Adaptable Gilson MPLC System.; 2013.  
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1.3 DATA ANALYSIS TECHNIQUES EMPLOYED 

1.3.1 DIMENSIONALITY REDUCTION (PCA & LDA) 

Sometimes when dealing with complex datasets that exhibit large dimensionality 

especially if those datasets are large it is useful to reduce the dimensionality to more 

easily visualize the variation in your samples and more readily classify samples as part 

of a category. This is done partially to aid in visualization, partially to improve 

appropriate classification, and partially to improve computational time.28 However, there 

are drawbacks of reducing your dataset, the biggest of which is that the new dimensions 

lack the valuable information and labels that could be gleaned from the original data.  

The two methods that are employed in this work are Principle Component 

Analysis (PCA) and Linear Discriminant Analysis (LDA). PCA works by finding the 

vector through your dataset that exhibits the greatest variance in your data and defines 

that vector as “Principle Component–1”.  It then rotates a vector orthogonally around PC-

1 until it finds the direction that accounts for the next greatest variance and defines that 

as PC-2 and repeats that until there is no more variance to account for. 

In Linear Discriminant Analysis the user classifies the data telling the program 

which samples belong to which classification. LDA than finds the mean for each of the 

classes and then uses nearest neighbors until it finds the axis that maximally separates 

the data and minimizes the variance of each sample and that becomes the new axis for 

visualizing the data.  As a result, the number of axis you end up with using LDA is 1-

fewer than the number of classes you are trying to separate. 29 
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1.3.2 SUPPORT VECTOR MACHINES 

Support Vector Machines (SVM) is a machine learning algorithm that aims to 

separate data linearly. For a simple 2-D situation with 2-datasets it does this by 

finding the vector that maximally separates the datasets. This vector is the support 

vector. For more complex situations where the number of parameters is greater 

than 2 the vector is replaced with a hyperplane. 30 

 

 

Figure 2:  Support Vector Machines (SVM) finds the optimal vector or plane to linearly 

separate data. Also, a visual explanation of the kernel trick, showing how dimensionality 

can be added to make data that is not linearly separable into data that is linearly 

separable. Obtained from: Zhang G (Medium). What is the kernel trick? Why is it 

important? https://medium.com/@zxr.nju/what-is-the-kernel-trick-why-is-it-

important-98a98db0961d. Accessed October 23, 2019.  
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The “kernel trick” is a useful transformation employed in SVM where we transform 

our data into a higher dimensional space allowing us to linearly separate data that 

would otherwise not be linearly separable. The most commonly used kernel is the 

radial basis function (RBF). The RBF kernel behaves similarly to a topographical map 

extruding portions of the data upward into a higher plane where it can be linearly 

separated by a hyperplane. This is helpful for classifying data that is clearly two 

discrete populations that is grouped together, particularly when one of the samples of 

interest is surrounded by other classes of data. 30  
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2 OVERVIEW OF DISSERTATION 

2.1 WBC COUNT AND DIFFERENTIAL 

Appendix A describes the use of a paper microfluidic platform preloaded with 

Acridine Orange (a nucleic acid binding fluorescent dye) for the separation of white 

blood cells (WBCs) from whole blood. This microfluidic platform employs a sandwich 

like approach which makes use of capillary action to wick the blood through the chip, 

where it is dispersed relatively evenly across the imaging layer and removing the bulk 

of the red blood cells (RBCs). Dispersed WBCs are captured on the surface of the 

imaging layer due to the fact that they are too large to pass through the small pore size.  

Coupled with a smartphone and commercially available smartphone microscope 

attachment we demonstrate clinically relevant WBC sorting and a partial WBC 

differential into granulocytes and agranulocytes. This low-cost platform can provide 

clinically relevant values in as little as three minutes from a finger-prick of blood. 

Future work would focus on exploring if our platform is effective for 

determining WBC counts for diseased samples as well as investigating how changes in 

hematocrit may affect WBC capture rates.  These studies would be important because 

they would validate the value of our test in a clinical setting. Additionally, there is some 

concern that changes in hematocrit may affect flow dynamics on the paper chip 

resulting in altered WBC capture/image rates. If this were found to be the case our 

platform could be adapted to work with whole blood following RBC lysis which would 

be expected to correct this variation. 
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2.2 CANCER DETECTION 

Appendix B demonstrates the preliminary work to detect colon cancer from 

healthy colon in rats and humans by measuring the optical scattering using an angular 

photodiode array. Observed optical scattering seems to correspond relatively well with 

simulated scatter differences in cancer for colon cells, elevated blood vessel recruitment, 

dysplastic changes in crypt structure and a reduction in goblet cells. Our findings are a 

valuable stepping stone for future works because we identify angles and wavelengths 

where optical Mie scatter may serve as a useful measure for detecting cancer. 

Potential shortcomings of the current work include the fact that we were only 

able to collect a small number of samples, that ten-degree scatter resolution is relatively 

low compared to some of the observed changes.  Additionally, we only compared 

cancer samples with healthy samples.  However, realistically we should be comparing 

non-cancerous polyps with cancer specimen.   

Future work would aim to remedy these shortcomings by increasing both the 

number of tested samples as well as the including polyps and other benign specimen to 

the analysis. With a sufficiently large database we could than employ classification 

techniques and cross-validate our findings. 

2.3 OIL SPILL CLASSIFICATION  

Appendix C investigates the development of a portable spectrophotometer for the 

classification of oil spill samples in the field. Based on field sample size of 160 samples 



31 
 

we are able to broadly classify oil samples using principal component analysis and 

support vector machines into 4 broad classes of oil sample with a 95% accuracy. Once 

broadly classified some of the samples physiochemical properties including percent 

contents of saturate, aromatic, resin, and asphaltene (SARA) content can be predicted 

from the linear relationship between to specific SARA content percentages and our 

principal components. 

 The next steps that are being taken for this project include employing ten 

prototypes of this device in the field to collect oil spill-samples. The data collected will 

be useful for further validating and expanding the fuel classification from four broad 

categories to include additional subgroups. Based off of the feedback from the end user 

additional device adaptations will be employed.  A known limitation using our 

classification method include the fact that if a sample exhibits very low levels of 

fluorescence from a UV-A light source our device is unable to cleanly distinguish 

changes in fluorescence from these samples. 

3 DISCUSSION 

The biosensors presentenced in this work differ rather dramatically in their targets 

and applications, however the goal of reducing complexity, cost, time, and develop 

portable devices capable of accurately identifying samples have remained a central 

premise throughout. Developing easy-to-use, rapid, remote sensors aimed to simplify 

the diagnostic and result in earlier identification of both clinical and environmental field 

samples is key for reducing the damage caused by disease and environmental hazards. 
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The tools presented in this work aim to reduce the hurdles (cost, time, distance, 

training) that delay early detection.  
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4 CONCLUSIONS  

Three optical biosensors have been developed with the aim or rapidly identifying 

samples in a field, clinic, or home setting. The first of these was a paper microfluidic 

and smartphone imaging system that isolated and imaged white blood cells providing a 

differential count of granulocytes and agranulocytes. The second was an optical 

biosensor aimed at measuring differences in Mie scatter between tumors and healthy 

colon. The third was a spectrophotometer that measured changes in florescence of oil 

spill samples in order to classify them and identify physiochemical properties. All three 

biosensors aim to reduce the time from sampling to diagnosis by reducing cost, 

complexity of use, and serving as portable platforms that can be easily transported to 

where they are needed.  
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1 ABSTRACT 

Sorting and measuring blood by cell type is extremely valuable clinically and 

provides physicians with key information for diagnosing many different disease states 

including: leukemia, autoimmune disorders, bacterial infections, as well as a host of other 

ailments.  Despite the value, the present methods are unnecessarily costly and prohibitive 

particularly in resource poor settings, as they require multiple steps of reagent and/or 

dye additions and subsequent rinsing followed by manual counting using a 

hemocytometer, or they requirebulky, expensive equipment such as a flow cytometer.  

While direct on-paper imaging has been considered challenging, paper substrate offers a 

strong potential to simplify such reagent/dye addition and rinsing.  In this work, three-

layer paper-based device is developed to automate such reagent/dye addition and 

rinsing via capillary action, as well as separating white blood cells (WBCs) from whole 

blood samples.  Direct on-paper imaging is demonstrated using a commercial microscope 

attachment to a smartphone coupled with a blue LED and 500 nm long pass optical filter.  

Image analysis is accomplished using an original MATLAB code, to evaluate the total 

WBC count, as well as differential WBC count, i.e., granulocytes (primarily neutrophils) 

vs. agranulocytes (primarily lymphocytes).  Only a finger-prick of whole blood is 

required for this assay.  The total assay time from finger-prick to data collection is under 

five minutes.  Comparison with a hemocytometry-based manual counting corroborates 

the accuracy and effectiveness of the proposed method.  This approach could be 
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potentially used to help make blood cell counting technologies more readily available, 

especially in resource poor, point-of-care (POC) settings.  
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2 INTRODUCTION 

 Currently there are two methods primarily used to obtain a CBC, specifically a 

WBC count.  The first requires a clinician or trained lab specialist to prepare blood smear 

slides, stain them, and then manually count different WBC types using a hemocytometer 

under a microscope 1.  To do this they must dilute specimens in a red blood cell (RBC) 

lysing solution to remove RBCs and count WBCs.  Manually counting WBC is laborious 

and requires specialized medical equipment and trained personnel.  The second method 

employs a flow cytometer, an extremely bulky and expensive piece of equipment, to 

perform the cell count 2.  This method requires treatment of the whole blood sample using 

several reagents; typically, RBC lysing solutions and costly antibodies.  However, this 

technique has an extremely high efficiency in accurately identifying and quantifying 

different WBC sub-types. 

Despite their values, the cost and complexity of flow cytometers and traditional cell 

counting methods in pathology laboratories are prohibitive.  This is particularly true in 

resource poor settings where the benefit of these lab tests is most lacking.  Point of care 

(POC) lab testing is medical screening that can be performed rapidly, and often more 

affordably either individually or in consultation with a clinician.  POC tests’ greatest 

strength is in their ability to provide clinicians and patients with immediate results to 

help make informed decisions about treatment 3.  POC tests are typically straightforward 

devices which can be used in ambulatory and resource poor settings with minimal 

training.  



43 
 

Numerous POC tests have been demonstrated for CBC analysis, typically employing 

silicone-based microfluidic platforms coupled with optical or electrical detection 4–7.  

Many of these platforms are powerful and provide accurate and complete CBCs, and a 

few them have been commercialized.  These models fall under two major categories: 1) 

Hemocytometer-like platforms, creating a monolayer of cells.  Using this approach sub-

types of WBCs (e.g. neutrophils, lymphocytes, etc.) can be identified by employing 

fluorescent dyes like Acridine Orange or CD-targeting antibodies 4,5.  2) Flow cytometer-

like approaches, sort cells using various flow dynamics ranging from centripetal flow 

dynamics to size exclusion 6, 8.  Detection using these approaches often employ 

fluorescence and/or dynamic light scattering. 

On the other hand, very few platforms have been demonstrated using a paper based 

microfluidic platform.  In one of the rare exceptions, Zhang et al. employed paper 

coupled with gold nanoparticles to detect and measure total WBC concentrations 9.  In 

another relevant work by Wang et al. 10, a high precision WBC count detection was 

demonstrated on paper.  However, their work required cross-validation with pure WBC 

samples with known concentrations. More importantly their blood screen is not a WBC 

differential, i.e., identification of WBC sub-types.   

Paper substrates offer two major benefits over the popularly-used silicone-based 

microfluidic platforms: 1) its ability to filter out blood cells from plasma, or even isolating 

WBCs from RBCs without using lysing solution, and 2) spontaneous flow by capillary 

action, dismissing the requirement of external pumping 11,12, 13,14.  However, to the best 
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of our knowledge, no work has been demonstrated to utilize these advantages of paper-

based microfluidic platforms toward cell sorting and quantification of WBC components. 

In this work, we designed, fabricated, and demonstrated a smartphone-based, paper 

microfluidic platform that could separate RBCs and count WBCs and their sub-types 

(granulocytes vs. agranulocytes) from small blood volumes (as little as 1-4 μL of whole 

blood) without using RBC lysing solution or antibodies.  Over the course of this project 

we explored and tested many chip layouts, geometries, paper substrates, and fluorescent 

probes.  We settled on a stacked paper microfluidic platform consisting of three separate 

paper types: 1) large pore fiberglass, 2) a fine powdered borosilicate filtration membrane, 

and 3) cellulose chromatography paper.  This platform separates cells based on 

microfiltration and is compatible with fluorescence microscopy detection either 

employing an inexpensive, commercially available smartphone microscope attachment, 

optical filter, and an LED attached to a battery; or using a benchtop fluorescence 

microscope.  Using this method, we have been able to demonstrate a clear separation of 

total WBCs from other cellular components and been able to measure the total WBC count 

as well as the relative ratios of granular and agranular WBCs. 

While there are several different types of WBCs, the two most common types are 

neutrophils (35-80% of WBCs) and lymphocytes (18-45% of WBCs).  Neutrophils make 

up the major portion of granulocytes (so called because they have the visible granules 

within them), while lymphocytes make up the major portion of agranulocytes (lacking 

visible granules).  Neutrophils and lymphocytes account for roughly 90% of WBCs found 
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in blood 15.  Therefore, determining the granulocyte count and agranulocyte count can 

provide clinicians with a reasonably accurate estimate of neutrophil and lymphocyte 

concentrations.  Acridine orange (AO) has been demonstrated to be a useful stain to 

differentially count granulocytes and agranulocytes 16,17.  While AO is primarily a green 

fluorescent nucleic acid dye, it also changes its fluorescence based on the pH.  AO is taken 

up in lysosomes and granules that typically have notably higher pHs than the rest of a 

cell.  Granulocytes (as the name would suggest) have many granules and as a result have 

a red shift in their fluorescence.  Separating the image into red and green channels and 

measuring the relative intensities allows us to determine the ratio of granulocytes and 

agranulocytes in the blood. 

This three-layered paper microfluidic device effectively separates WBCs from whole 

blood, which provides a concentration dependent readout of WBC counts.  Additional 

AO staining also provides a readout of the ratio of granulocytes and agranulocytes in the 

blood.  Coupled with smartphone optical detection this approach demonstrates an 

approach to make blood cell counting technologies more readily available, especially in 

resource poor, point-of-care (POC) settings.  This method offers a number of benefits: 

First, WBCs are able to be concentrated on the platform from whole blood improving the 

accuracy of the test without relying on centrifuges, other laboratory equipment, or RBC 

lysing solution.  In addition, working with paper significantly reduces the cost, rendering 

the method disposable.  Additionally, individual chips are prepared in advance, 
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including preloading fluorescent dyes (AO) onto the platform prior to use.  The platform 

only requires 1-4 μL of blood per test, allowing to be used for finger-prick samples.  
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3 METHODOLOGY 

3.1 PAPER MICROFLUIDIC DEVICE LAYOUT AND FABRICATION 

The paper-based device consists of three layers of paper and porous membrane 

stacked together, each with a specific role and function and properties to match to create 

separation of whole blood constituents. 

Layer 1 is a thin sheet of fiberglass (GFCP203000; EMD Millipore Corp., 

Burlington, MA, USA) which consists of large overlapping glass fibers, with visible pores 

(pore size > 50 μm).  It is preloaded with AO, which is a pH dependent, cell permeant 

nucleic acid binding fluorescent dye. The AO is allowed to dry prior to assembly with the 

other layers. AO’s differentiation of granulocytes from agranulocytes was explained 

briefly in the Introduction.  The role of the top layer is two-fold: first, treat the biological 

specimen with fluorescent dye (AO in this case) that will be used to detect the cells; 

additionally, the top layer forces the blood specimen to spread out resulting in a more 

even layer of WBCs at the underlying capture interface (layer 2). 

In paper microfluidics, channels are typically produced by creating a hydrophobic 

barrier around where the fluid should flow.  This is typically done either by lithography 

or by wax printing.  Since both methods were not applicable to fiberglass, we utilized 

paraffin wax film (PM992/EMD; Bemis Company Inc., Neenah, WI, USA).  A 20 mm x 

10 mm square of 1 mm thick paraffin wax film was folded in half, resulting in a 10 mm x 

10 mm square, and a 6 mm diameter hole was punched in the center of it.  The paraffin 

film was unfolded and then folded around a 10 mm x 10 mm square of fiberglass to wrap 
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it around.  It was then compressed and placed on a hot plate at 135°C to allow the wax to 

melt and bind to the fiberglass, creating a hydrophobic barrier as shown in Figure 1 (black 

color).  Once cooled to room temperature, the fiberglass was preloaded in a darkroom 

with 10 μL of 5% diluted AO and stored in a dark dry place. 

Layer 2 consists of a 6-mm diameter circle punched out from Whatman GF-D 

borosilicate membrane (pore size 2.7 μm; 1823-010; GE Healthcare Bio-Sciences, 

Pittsburg, PA, USA).  The borosilicate membrane’s compact powdery material does not 

exhibit any fluorescent properties or have an affinity to fluorescent dyes.  This membrane 

has been used to capture most WBCs on the surface while allowing RBCs, platelets, and 

plasma components to pass through.  When using whole blood samples of >40% dilution, 

this membrane can become plugged; however, with ≤20% dilution the membrane 

effectively captures most WBCs at the surface, although greater percentage of WBCs 

become trapped at the center at higher dilutions. 

 Layer 3 is made up solely of a 20 mm x 20 mm sheet of Whatman CH1 cellulose 

chromatography paper (pore size 11 μm; 1001-813; GE Healthcare Bio-Sciences).  The 

purpose of this sheet is to wick the filtered whole blood samples (RBCs, platelets, and 

plasma) or phosphate buffered saline (PBS; applied during wash steps), eliminating the 

need for an external pump or pumping mechanism. 

 Prior to use with blood samples, the three layers were assembled by applying 

double-sided tape to the wax-coated edges of the top layer.  After that, layer 2 was placed 

under layer 1 with no overlap with the wax-coated edge where double-sided tape was 
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applied.  Layer 3 was then adhered to layer 1 via the double-sided tape.  This arrangement 

was demonstrated to be effective and tightly held all layers closely together.  Although 

wetting the tape did compromise the adhesive, this was beneficial because the assay was 

typically complete by then and the fluid improved the disassembly of the layer 2 for 

analysis.  
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Figure A-1.  Device layout: A) three-layered paper microfluidic device design.  Layer 1: 

fiberglass (pore size > 50 μm), preloaded with Acridine Orange (AO), disperses an 

applied blood sample to provide an even coating of whole blood to the layer 2 (capture 

interface).  Layer 2: Whatman GF/D borosilicate (pore size 2.7 μm) effectively captures 

the vast majority of WBCs.  Layer 3: Whatman CH1 cellulose (pore size 11 μm) wicking 

pad pulls the remaining blood (RBCs and plasma) through the device by capillary action.  

B) Smartphone imaging platform.  The sample is illuminated using a 466 nm LED light, 

fluorescence from the sample is filtered through a 500 nm long-pass filter and magnified 

using a commercial microscope attachment to a smartphone.  
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3.2 SAMPLE AND REAGENT PREPERATION 

Blood specimen were collected in 10 mL vials of sodium-heparin or sodium citrate in 

accordance with the Institutional Review Board (IRB)-approved protocol (approval 

number 1612094853) from six healthy volunteers ranging in age from 20-35.  Samples 

were stored at 4-6°C and used within 48 hours after collection.  Prior to use, samples were 

diluted in PBS (pH 7.4) to either 5% 10%, or 20% whole blood by volume.  As described 

in the previous section, high dilutions result in plugging leading to a decreased flow rate 

and increased assay time.  Therefore, 20% dilution was used as the highest dilution for 

blood samples with reasonable assay time (<5 min) and minimum overlapping of WBC 

images. 

A 5% Acridine Orange solution was diluted from a 10 mg/mL stock solution (A8097; 

Sigma-Aldrich, St. Louis, MO, USA) to differentiate granulocytes vs. agranulocytes on 

the fabricated device. 

3.3 ASSAY PROTOCOL 

Prepared devices were loaded with 20 μL of a diluted whole blood sample.  After 5 

minutes the devices were washed twice by loading 20 μL of 1X PBS to wash excess RBCs, 

plasma, and AO dye. The cell capture interface (i.e. layer 2) was then separated for 

fluorescence imaging.  
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3.4 IMAGING 

Benchtop microscopic imaging was accomplished by placing the cell capture interface 

(layer 2) on a glass slide and imaged using a 10X objective and a filter cube for blue 

bandpass filter excitation and green long-pass filter emission.  Nikon TS100 

fluorescence microscope (Tokyo, Japan) was used for imaging. 

Smartphone-based microscopic imaging was accomplished using a smartphone (iPhone 

8; Apple Inc., Cupertino, CA, USA) connected to a commercially available microscope 

attachment (XFox Professional 300X Optical Glass Lenses; X&Y Ind., Shenzhen, China), 

attached to a 500 nm long-pass optical filter (FEL0500, Thorlabs Inc., Newton, NJ, USA).  

Again, smartphone imaging was also accomplished by sandwiching the WBC capture 

interface between the optical filter and a transparent glass surface.  During detection the 

WBC capture interface is illuminated using a 466 nm LED (TLHB5100; Vishay, Malvern, 

PA, USA) powered by a 9 V battery.  The current is limited using a 500 Ω resistor. 

3.5 DATA PROCESSING 

Total WBC count: Obtained images were processed using a MATLAB code to 

identify and count cells.  Raw images were split into red and green channels and the 

higher intensity green channels were selected. Cells were then counted using the built in 

imfindcircles function with ‘twostage’ detection to identify cells by finding high intensity 

regions of appropriate size and circularity. Appropriate properties for the imfindcircles 

function from the image processing toolbox – gradient threshold and sensitivity were 
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determined for each dilution by manually adjusting the parameters with the first sample 

until optimal conditions were obtained. 

WBC differential: To measure the red shift in the granulocyte cell population (which 

to the naked eye is not readily observed), captured images were processed using an 

original MATLAB code.  WBC images were split into red and green color channels.  

WBCs identified using our total WBC count code were marked with circles and a mask 

was created to mark all identified circles.  The red and green channels were converted to 

the matrices of the pixel intensities, x- and y-coordinates at double precision values and 

scaled up by an addition 10, so that the pixel values would not be divided by zero at any 

location.  A pixel by pixel ratio of red to green (R/G) for each of the identified WBC 

locations was obtained by doing a cell by cell division of the red matrix by the green 

matrix.  The mean intensity at each of the mask locations overlaid onto the red/green 

(R/G) ratio image were measured using the regionprops function from the image 

processing toolbox.  The mean intensities from the R/G ratios for each cell were 

converted from a structure to a double precision matrix and plotted as a histogram of 

frequency vs. R/G color ratio containing 20 bins.  This histogram was used to identify 

two discrete cell populations, granulocytes (mostly neutrophils) and agranulocytes 

(mostly lymphocytes).  This was done by manually visualizing the bimodal distribution 

of the two cell populations and finding the value that most closely corresponds to the 

cutoff between granulocytes and agranulocytes (often visualized either as a minimum 

value between the two peaks or occasionally as a small localized third peak where the 
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two populations overlapped) and manually inputting the value into the script.  The 

granulocyte count was then found by finding and counting all cells that had a higher R/G 

ratio than the manually determined R/G cutoff value (Fig. 2A). 

3.6 COMPARISON WITH MANUAL COUNTS 

 To compare our method with a gold standard technique, WBCs were manually 

counted by a series of reagent/dye additions and rinsing, followed by a hemocytometry 

counting.  WBC counting was performed by making a blood smear on a clean glass slide 

and allowing it to dry.  The slide was dipped into a tube of 2% (v/v) acetic acid diluted 

in deionized (DI) water from 99.67% stock glacial acetic acid (695092-2.5L-GL; Sigma-

Aldrich, St. Louis, MO, USA) to lyse RBCs, followed by washing under running water.  

Majority of RBCs were removed with this method, although not completely removed.  

WBCs were then immediately identified and counted using a hemocytometer in a light 

microscope (Nikon TS100). 

 Manual differentiation of WBCs was performed using Wright-Geimsa dye, again by 

a series of reagent/dye additions and rinsing followed by a hemocytometry counting.  It 

was prepared as two field stains: Field stain A was prepared by taking 160 mg Methylene 

Blue (M1940; Sigma-Aldrich), 100 mg Azure II (861065; Sigma-Aldrich), 1.0 g disodium 

dihydrogen phosphate anhydrous (RES20908; Sigma-Aldrich), and 1.25 g potassium 

dihydrogen phosphate anhydrous (5.43841; Sigma-Aldrich), dissolved in 100 mL DI 

water.  Field stain B was prepared by taking 200 mg Eosin-yellow (230251; Sigma-

Aldrich), 1 g disodium dihydrogen phosphate anhydrous and 1.25 g potassium 
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dihydrogen phosphate anhydrous dissolved in 100 mL DI water.  The samples were 

made into a blood smear on a clean glass slide and allowed to dry.  The slide was dipped 

into a tube of methanol for 1 minute to fix the cells and air dried.  It was then dipped into 

the field stain B to stain acidic components for 5-6 seconds and immediately washed 

under running water.  It was then dipped into the field stain A to stain basic components 

for 10-30 seconds and immediately washed under running water.  The slide was then 

imaged with an 100X oil immersion objective tallying up different WBC types, until 100 

different WBC types were counted (Fig. 2B).  These numbers are assumed to represent 

the relative percentages in that blood sample.  
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Figure A-2. Granulocyte vs. agranulocyte WBC identification. A) Data processing 

procedure for granulocyte identification.  The obtained image (top left) is split into green 

(G) and red (R) channel images, processed using a custom MATLAB code to reduce 

background image noise (top right for the processed green image and bottom left for the 

processed red image).  A histogram of frequency vs. R/G color ratios is created (bottom 

right) to identify agranulocytes vs. granulocytes.  B) Blood smear stained with Geimsa-

Wright blood dye used to manually count granulocytes and agranulocytes. 
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4 RESULTS AND DISCUSSION 

4.1 WBC COUNT USING BENCHTOP MICROSCOPE 

Initial total WBC concentrations (or counts) were evaluated using our microfluidic 

platform using a benchtop microscope for five different human subjects at three different  

concentrations(5%, 10%, and 20%).  The input parameters used for the  Matlab function 

imfindcircles for each concentration on the Benchtop microscope are as follows: for the 

5% dilution EdgeThreshold was set to 0.08, and Sensitivity was set to 0.6; for the 10% 

concentration EdgeThreshold remained at 0.08 and the Sensitivity was changed to 0.65; 

for the 20% concentration the EdgeThreshold was set at 0.05 and the Sensitivity remained 

at 0.65.  Since 20 μL of diluted blood sample was loaded to each platform, 1, 2 or 4 μL of 

blood is necessary per test that is comparable to those obtained from a finger prick.  For 

each concentration and each subject, data were captured in 5X replicates, averaged 

together, and plotted against the manually counted numbers (i.e., using a series of 

reagent/dye additions and rinsing followed by a hemocytometry).  The results on the 

benchtop microscope are presented in Figure 3.  The curve is divided up by their 

concentration (5%, 10%, and 20%).  The entire data set could be plotted together on a 

power curve that demonstrates a clear and predictable correlation between the WBC 

concentrations using our device and the manual WBC counts.  It is interesting to note that 

higher blood concentrations result in fewer WBCs being captured at the interface.  This 

can be explained by the fact that the more cells are loaded onto the device results in a 

greater percentage of them being captured at some other place on the device than at the 

image plane of the capture layer.  This is especially true at very high WBC concentrations 
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where layer 1 begins to get plugged up and allows fewer cells to pass through it.  It is 

also possible that at higher WBC concentrations there is an increased pressure placed on 

WBCs resulting in a greater percentage of them being absorbed deeper into the layer 2 

where they are unable to be differentiated and counted. 

This demonstrates that at high concentrations WBCs are retained in very high 

numbers relative to their concentration.  We also observe that the borosilicate membrane 

is effective in retaining WBCs at the imaging focal plane. 

Because WBCs are captured depending on whole blood concentration, it becomes 

meaningful to plot individual concentrations separately so that RBC concentrations and 

flow dynamics are more similar between samples.  5%, 10%, and 20% whole blood 

concentrations were separated and analyzed individually and plotted against a linear 

curve, these concentration-specific linear curves closely demonstrated the most linear 

trends for the 20% concentration (R2 = 0.9405) followed by the linear trend of the 5% 

concentration (R2 = 0.83). These results demonstrate a strong correlation between the 

estimated WBC counts using the paper-based device and the manual counting results.  

This highlights that this device captures cells in a reproducible manner for blood samples 

diluted between 5% and 20%.  However, the low linearity of the 10% concentration (R2 = 

0.53) should also be recognized, this accuracy could likely be improved by obtaining a 

larger field of view (FOV) because it would reduce the variability between samples.  

Additionally, the slopes of 5% and 20% concentrations are substantially different from 

each other, while 5% concentration covers the lower WBC concentration range and 20% 
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concentration the higher range, which potentially indicates the curve may not be linear.  

The 10% concentration covers the in-between concentration range, and the linear fitting 

resulted in inferior linearity.  
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Figure A-3.  Total WBC counts per field-of-view (FOV), obtained using the three-layered 

paper microfluidic device, an original MATLAB code, and a benchtop microscope, are 

plotted against the manually counted WBC concentrations.  All three concentrations were 

plotted together, each concentration of 5% (in green triangles), 10% (in blue circles), or 

20% (in purple squares) were individually fit with a linear curve. N= 5 per subject. 
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4.2 DIFFERENTIAL WBC COUNT USING BENCHTOP 

MICROSCOPE 

A differential WBC count was obtained by staining captured WBC populations 

with AO, a pH sensitive nucleic acid stain which exhibits a red shift in acidic 

environments such as granules.  As granulocytes have more lysosomes and granules, 

they exhibit greater red fluorescence, which can be used to identify and quantify 

granulocytes.  

Blood samples from six human subjects were filtered and imaged on a benchtop 

fluorescence microscope at three different concentrations (5%, 10%, and 20%) in 5X 

replicates using the same paper microfluidic device.  For comparison purposes, the same 

blood samples were also smeared on glass slides, fixed, stained with a Geimsa-Wright 

blood dye, and manually analyzed using a hemocytometer under a microscope.  

Manually tallying WBC types is a laborious process that requires a laboratory setting and 

trained personnel capable of visually identifying different WBC types.  From these 

numbers, the percentages of granulocytes and agranulocytes in the blood samples were 

evaluated using both the paper microfluidic device as well as the manual counting 

method. 

The percent granulocyte results from the paper microfluidic device assays using a 

benchtop fluorescence microscope (lighter gray color) are shown together with those 

from manual counts (darker gray color) in Figure 4.  Both paper microfluidic device and 

manual counts are within the expected healthy ranges (dotted square box), which 
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confirms the accuracy of this method for identifying the relative ratios of granulocytes 

and agranulocytes in the blood. 

Excessive AO that did not stain the cells may be able to flow through the layer 2, 

resulting in an elevated background fluorescence in the layer 2.  However, as the R/G 

ratios were measured, and the histograms clearly showed bimodal distributions, the 

background fluorescence did not affect the distinction between granulocytes vs. 

agranulocytes differential count. 

Overall this approach was shown to be effective for separating WBCs into 

granulocytes and agranulocytes.  This data can be taken a step further to estimate the 

concentrations of lymphocytes and neutrophils in the blood as those two cell types make 

up approximately 90% of the total WBC count: majority of granulocytes are neutrophils 

and majority of agranulocytes are lymphocytes.  
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Figure A-4. Differential WBC count: Percent granulocytes for six subjects evaluated by 

automated, paper microfluidic device assay (light gray), shown together with manual 

count (dark gray).  Error bars represent standard errors for each sample.  All results are 

within the expected healthy range (demonstrated by the dotted square box). N=5 
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4.3 IMAGING USING SMARTPHONE MICROSCOPE 

ATTACHMENT 

The total WBC concentrations (or counts) were evaluated using our paper 

microfluidic platform using a smartphone microscope attachment with a 500 nm long 

pass optical filter samples for three different human subjects in 3X replicates.  Subjects 

received a finger prick and 6 μL of blood were harvested and diluted to 10% (v/v).  W 

BC counts were obtained using a smartphone microscope.  Subject WBC concentrations 

were also manually counted (i.e., using a series of reagent/dye additions and rinsing 

followed by a hemocytometry) using a benchtop microscope. For the  Matlab function 

imfindcircles for the smartphone microscope data the input value for EdgeThreshold was 

set to 0.07 and the Sensitivity was set to to 0.7. The results from the smartphone 

microscope attachment are presented in Figure 5.  The entire data set is plotted on a linear 

trend that demonstrates a clear and predictable correlation (R2 = 0.8151) between the 

WBC concentrations obtained from our device and by manual counting.  These findings 

show that all three subjects fell within the expected normal WBC concentrations using 

our device.  It is important to note that the field of view (FOV) using the smartphone 

camera is significantly smaller, leading to substantially smaller WBC counts per FOV 

than those with a benchtop microscope.  However, the results are still able to follow a 

linear curve for a single concentration and are validated across three patient samples, 

although, the variability between samples for a subject is higher, which can be attributed 

to the smaller FOV and/or inferior spatial resolution of a smartphone microscope 
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attachment.  It is advisable that three samples should be taken and averaged for each 

subject. 

A differential WBC count was also obtained using the smartphone-based paper 

microfluidic device.  The percent granulocyte results from this smartphone-paper system 

(lighter gray color) are shown together with those from manual counts (darker gray color) 

in Figure 6.  Both results from smartphone-paper device and manual counts are within 

the expected healthy ranges (dotted square box), which confirms the accuracy of this 

method for identifying the relative ratios of granulocytes and agranulocytes in the blood.  

Additionally, the manual and smartphone-paper system counts are very similar to each 

other.  Overall this approach was shown to be remarkably effective for separating WBCs 

into granulocytes and agranulocytes. 

The results from both the differential WBC count as well as total WBC counts 

demonstrate that the results obtained using the smartphone imaging platform are 

comparable to those obtained using a benchtop microscope.
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Figure A-5. Total WBC count per FOV with paper microfluidic device using smartphone 

microscope attachment, compared to the manually counted WBC concentration.  Whole 

blood from three subjects was diluted to 10%.  Data was plotted with a linear curve of 

best fit with an R2 =0.8151. 
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Figure A-6. Differential WBC count using the smartphone-paper system.  A) Percent 

granulocytes for three subjects evaluated by smartphone-based, automated paper 

microfluidic device assay (light gray), shown together with manual count (dark gray).  

Error bars represent standard errors for each sample.  All results are within the expected 

healthy range (demonstrated by the blue box).  B) Image of WBCs on the capture interface 

using a smartphone microscope attachment. 
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5 CONCLUSION 

 While our method does not improve the flow cytometry or other standard WBC 

counting techniques, the straightforwardness of this approach offers major merits.  The 

three-layered paper device is low cost and easy to fabricate.  The device requires only 1-

4 μL of blood per test which can be obtained from a finger prick.  The device also provides 

on-paper mixing, capture, concentration, and separation, all in an automated, 

spontaneous manner.  The total assay time from finger-prick to data collection is under 

five minutes.  Another unexpected highlight is that WBCs are captured at a predictable 

rate for (5%, 10% and 20%) blood concentrations.  Additionally, demonstrating 

fluorescence imaging and a WBC differential on a paper platform is a first for complete 

blood count technologies. 

 We also demonstrated that similar results to those obtained using the benchtop 

fluorescence microscope can be easily replaced with a commercially available 

smartphone microscope attachment coupled with an optical filter and a blue light source. 

 There are a number of areas where the present work could see improvement.  For 

example, occasionally this approach was shown to yield results with a significant degree 

of error.  This could likely be improved by collecting a larger field of view from each 

sample, reducing the sample variance.  Alternatively, a larger field of view could be 

obtained using an automated stage to collect multiple images and employ image post 

processing to stitch them together. 

 Our data processing code also came short of being wholly automated.  Therefore, 
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some future work would be required to replace the manually adjusted elements of the 

code with automated processes before this work could be commercialized or used in a 

high-throughput manner. Even with these challenges this work presents significant 

findings and suggests that this device and method could be effectively employed in 

resource poor settings by untrained personnel.  
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1 ABSTRACT 

Cancer tissues differ from normal tissues in several meaningful ways including 

cellular changes in size, morphology, and type/density of membrane and cytosolic 

proteins, which will accordingly change the refractive index and overall size of 

cells.  There are also important differences in tissue organization and unique tissue 

specific cell densities.  A novel technology and early prototype are developed that 

can be used to detect some of these physiological changes by measuring the light 

scattering intensities over a range of angles from animal and human colonic tissues.  

Preliminary results revealed consistent scattering profiles that were consistent with 

those predicted using Mie scattering simulations of four colonic tissue structures 

that are known to vary in cancer tissue samples: colon cells, colonic crypts, goblet 

cells, and capillaries.  Based on our findings, it seems likely that the simulated 

tissue structures had a significant impact on the observed changes in scattering 

profiles.  The high-dimensionality of our data was reduced and analyzed using 

principal component analysis (PCA) and linear discriminant analysis (LDA).  These 

models improved visualization of our high dimensional data, although this 

preliminary study lacks a sufficient number of samples to employ these tools as 

classifiers.  The separation obtained using our device shows promise for the 

noninvasive, label-free, low-cost, and rapid (under a minute) detection of cancer 

tissues.  
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2 INTRODUCTION 

Employing angle-dependent Mie scattering has become more popular in recent 

years both as diagnostic and imaging modalities in large part because these modalities 

are rapid and can be employed noninvasively, i.e. requiring no labels.  Mie scatter 

occurs when the size of a scattering structure becomes comparable to or larger than the 

wavelength of incident light.  Scattering intensities are constructively added at a certain 

angle while they can be destructively attenuated at the other angle, creating a highly 

angle-dependent scattering profile.  Factors that alter Mie scatter are the refractive 

index, size, and density of scattering object, as well as the wavelength and angle of 

incident light.  Mie scatter-based optical sensing techniques, such as the use of Mie 

scattering intensities at fixed angle to identify surface characteristics, are often 

employed during quality-control checks of manufactured surfaces and materials 

because optical scattering is highly informative about a surface’s physical 

characteristics including factors such as surface roughness.  Our laboratory has 

employed this method toward more biological matrices including identifying 

bacterial presence and species on a human and animal skin as well as on a wound, i.e. 

skin and wound infection, without using any labels.  Labels can be added to amplify 

such Mie scattering intensities, for example the submicron- or micron-sized beads with 

high refractive indices such as polystyrene and TiO2.  Our laboratory has employed 

this technique a number of times to identify samples labeled with antibody-

conjugated polystyrene beads on a number of different microfluidic platforms 
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including on polydimethylsiloxane (PDMS) and nitrocellulose substrates [1-9].  

Others have labeled cancer cells with TiO2 beads and measured scattering [10] as well 

as for detecting and measuring fibroblast necrosis [11].  While these beads have 

successfully amplified the Mie scattering intensities measured at a fixed angle, it may be 

possible to identify the type and morphology of tissue without using such beads (or any 

other labels) if a large amount of Mie scattering data can be secured and processed with 

machine learning (pattern recognition) technique. 

The method presented in this work, i.e. collecting Mie scattering intensities at 

multiple incident and detection angle combinations from tissue samples, does not 

require sample processing, beads, additional reagents, or bioreceptors (e.g. 

antibodies), which eliminates time and labor for lengthy reagent and sample 

preparation.  Our device consists of an array of LEDs and photodiodes that detect 

Mie scatter from a tissue surface. LEDs are mounted at angles of 90°, 100°, 110°, 120°, 

and 130°, relative to the tissue surface and Mie scatter is detected at 10° increments 

from 10° to 80° to instantly obtain a Mie scattering spectrum (i.e. a plot of Mie 

scattering intensities against the scattering angle at the fixed incident wavelength), as 

depicted in Figure 1. However, it should be noted that a change in 10 degrees is 

rather significant in Mie scatter models. 

One of the most definitive methods of cancer diagnosis is tissue biopsy and subsequent 

microscopic observation with appropriate staining.  The value of rapid, accurate, label-

free diagnosis of tissue samples in the clinic would be helpful in aiding clinicians to 
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make timely and accurate diagnosis.  Our device is designed to be used with biopsy 

samples, without the need for staining (requiring labor) and microscopic (bulky and 

expensive).  The proposed device can also be employed in a simpler, paired-down 

method appropriate for inclusion on an endoscope.  
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3 MATERIALS AND METHODS 

3.1 SENSOR DESIGN 

An angular photodiode array and tissue stage were created using SolidWorks 

2013 x64 Edition (Dassault Systèmes, Vélizy-Villacoublay, France) and 3D printed in 

ABS (acrylonitrile-butadiene-styrene) polymer using (Ultimaker 3; Ultimaker, Utretch, 

Netherlands).  The photodiode array consists of a semi-circle (radius = 32 mm) with 

eight insertion points for PIN photodiodes (MTD1114M3B; Marktech Optoelectronics, 

Latham, NY,USA) arranged in a single plane at 10° increments from 10° to 80° relative 

to the surface (Figure 1).  Three types of LED light sources, red (624 nm, 6° viewing 

angle; 383-2SURC/S400-A6; Everlight Electronics, Shulin, Taiwan), green (505 nm, 8° 

viewing angle; OVLGC0C6B9; TT Electronics, Woking, England), and blue (470 nm, 15° 

viewing angle; HLMP-CB1A-XY0DD; Broadcom Inc., San Jose, CA,USA), are inserted 

at five different angles: 90°, 100°, 110°, 120°, and 130°, relative to the tissue surface 

(Figure 1).  Red LEDs are arranged in the same plane as the photodiodes, green and 

blue LEDs are arranged on either side of the red LED offset by 5 mm perpendicular to 

the semi-circle plane but still at the same angle as those of the red LEDs.  This offset 

results in the same portion of each sample being illuminated by all three LEDs.  The 

tissue stage fits a standard microscope slide to center the tissue below the angular 

photodiode array.  The angular photodiode array height relative to the tissue stage is 

adjustable, so that the surface of each tissue sample is analyzed despite variations in 

sample thickness.  
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Figure B-1. Angular photodiode array.  
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Figure B-2. Circuit design layout.  
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3.2 CIRCUIT DESIGN 

The LEDs were powered by the 5 V output of an Arduino Mega 2560 

microcontroller (SainSmart, Filaments, AB, CA) and driven using an LED driver (6969; 

Maxim Integrated, San Jose, CA, USA).  The outputs from eight PIN photodiodes in 

photovoltaic mode were collected individually by the same Arduino Mega 2560.  The 

differential output of each photodiode was amplified through a gain stage using quad 

op-amps (TLC27L4CN; Texas Instruments, Dallas, TX, USA) to amplify the photodiode 

output and the gain were optimized for each angle of detection so that the broadest 

range of signal would be detected without saturating the device under normal 

conditions.  Due to the large gain employed to detect our low target signal a high-pass 

filter was employed to cutoff unwanted signal noise that was substantially amplified as 

well. 

3.3 MIE SCATTERING SIMULATIONS FOR TISSUE 

COMPONENTS 

Mie scattering simulations were performed using the MiePlot v.4.6 software (Philip 

Laven; available at www.philiplaven.com/mieplot.htm).  Four structural elements were 

identified that could reasonably alter scatter from heathy to cancerous colon tissues: 

colon cells, colonic crypts, goblet cells, and capillary structure.  These structures were 

simulated as both cancerous and healthy pairs.  Each simulation was performed using 

the inhomogeneous sphere mode and setting the refractive index equation to 3-layer 

(sinusoidal transitions) in MiePlot so that more structural elements could be better 
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simulated and so that the number of layers could be accounted for.  It was reasoned that 

tubular structures like crypts and capillaries could also be loosely simulated using this 

method since a ray of light would likely interact with these structures at an angle which 

nearly simulates an oval.  Additionally, all simulations assumed a normal distribution 

with respect to the size of structures with a 10% standard deviation which is consistent 

with the range of typical mammalian cells [12].  The selected parameters for each 

structure can be found in Table 1 for both cancerous and healthy tissues.  These values 

were simulated with an angular resolution of 10° ranging from 60° to 160° at 3 different 

wavelengths of 470 nm, 505 nm, and 624 nm.  Scattering angles in Mie simulations are 

defined as 0° for scattering in the same direction of incident light, 90° for scattering 

perpendicular to the incident light, and 180° for scattering back to the light source, 

thus 0°-90° as forward scatter and 90°-180° as back scatter.  The light source at 90° 

and 10°-80° scattering detection depicted in Figure 1 corresponded to 100°-170° back 

scatter; the light source at 110° corresponded to 80°-150° scatter; the light source at 

130° corresponded to 60°-130° scatter, etc. 

The results obtained from the cancer models were than subtracted from the healthy 

models allowing us to visualize differences in scatter expected in cancerous tissue 

samples versus healthy (non-cancerous) tissue samples, as well as an idea which 

structural components correlate to what type of scatter observed from our tissue 

samples. 
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Table B-1. Paremters used to model changes in Mie scatter between cancer and healthy 

tissues as a result of four different structures: colon cells [13], crypts [14], goblet cells [14], 

and capillaries [15]. Differences between cancerous and healthy structures are bolded. 

  Cancer Healthy 

Structural 
compone
nt 

Sub-
components 

Radius 
(µm) 

Refracti
ve index 

Layers Radiu
s (µm) 

Refracti
ve index 

Layers 

Colon cells Average 
     Nucleolus 
     Nucleus 
     Cytoplasm 

4.75 
1 

4.37 
4.75 

1.39 
1.42 
1.39 
1.37 

64 4.25 
.5 

3.2 
4.25 

1.38 
1.42 
1.39 
1.37 

64 

Crypts Average 
     Crypt 
     ECM 

50 
25 
50 

 
1.333 

1.38 

4 35 
25 
35 

 
1.333 
1.375 

16 

Goblet cells Average 
     Granules 
     Goblet 
     Cytoplasm 

5.5 
.5 
5 

5.5 

1.36 
1.325 

1.35 
1.37 

8 5.5 
.5 
5 

5.5 

1.36 
1.325 

1.35 
1.37 

32 

Capillaries Average 
     Lumen 
     ECM 

7 
5.6 

7 

 
1.333 

1.37 

32 7 
5.6 

7 

 
1.333 

1.38 

8 

 

3.4 TISSUE SAMPLE PREPERATION 

Cancer was induced in a rodent model in accordance with an Institutional Animal 

Care and Use Committee (IACUC) approved protocol (protocol number 17-275).  Eight 

RNU immunodeficient rats (RNU316; Charles River, Wilmington, MA, USA) were 

purchased.  RKO colorectal cancer cells (CRL-2577; ATCC, Manassas, VR, USA) were 

cultured in EMEM in a cell culture flask and grown to confluence.  On the day of 
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injection 106-107 RKO human cells were suspended in 200 µL Eagle’s Minimal Essential 

Medium (EMEM) and maintained on ice prior to injection.  Cells are injected 

subcutaneously into the right flank of RNU immunodeficient rats using a 22-gauge (0.72 

mm OD and 0.41 mm ID) or smaller needle.  Rats were monitored 1-2 times daily for 

the next 48 hours until they returned to normal health and activity.  Heterotopic 

colorectal tumors were grown to approximately 2 cm diameter.  Within 6 weeks rats 

were euthanized and tumors and healthy rat colons were harvested for analysis. 

There was some concern that the elevated red coloration present in cancer samples 

due to elevated angiogenesis (formation of new blood vessels) and subsequently 

elevated level of hemoglobin.  To test this, we collected rat colons and added exogenous 

hemoglobin (ICN10071480; Fisher Scientific, Waltham, MA, USA) to three samples.  

This dataset was added to and compared with the other rat data sets. 

To see if these trends held true for human cancer specimen two sets of snap frozen 

human tissue samples: adjacent healthy normal colon tissues and colon carcinoma were 

purchased from Cureline Human Biospecimen CRO (Brisbane, CA, USA).  Each tissue 

specimen was further divided into smaller samples to be analyzed using the 

aforementioned photodiode array. 

3.5 DATA COLLECTION 

Data was collected in a darkroom to reduce the effect of external lighting that 

might have on measurements.  For each sample the device cycled through each of the 

15 LEDs illuminating the sample for just over 3 seconds during which time intensity 
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readings were collected every 250 ms from each of the eight photodiodes and 

averaged over the three-second window to reduce any signal variation that was a 

result of noise before moving onto the next LED.  
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Figure B-3. Tissue preparation layout. 
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3.6 DATA ANALYSIS 

Initially data was imported into Microsoft Excel and plotted within the 

program to identify differences between cancerous and healthy colon tissue samples 

for both the rodent data sets as well as human data sets.  For visual analysis the 

cancer intensity values were normalized by subtracting the average healthy colon 

intensity data from the average paired cancerous colon data.  Error bars were marked 

using standard deviation.  However, due to the very high dimensionality of the data 

it became clear that this was still going to be difficult to interpret.  

With the high dimensionality of the data as well as the complex structure of tissue, 

the data were further analyzed using principle component analysis (PCA). PCA was 

performed using the scikit-learn toolbox coded in Python (available at scikit-

learn.org/stable/).  The averages of 12 photodiode readings (three replicates) were 

used for each sample.  The number of data points for each replicate is eight 

photodiodes at different detection angles x five LEDs at different incident angles x 

three different colors = 120.  The data was also analyzed by linear discriminant 

analysis (LDA), again using scikit-learn and setting number of components to two, 

also coded in Python.  The rat data was than categorized into three different 

classifications, cancerous colon, healthy colon, and healthy colon saturated with 

hemoglobin.  
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4 RESULTS AND DISCUSSION 

4.1 MIE SCATTERING SIMULATION 

Figure 4 shows the simulations for the four structural elements that likely would 

have the biggest impact on Mie scatter in colon cancer: colon cells, crypts, goblet cells, 

and capillaries.  In these simulations, 0°-90° corresponded to forward scatter and 90°-

180° to back scatter.  All of these simulations agree that there should be an elevation in 

intensity at 60° (i.e. in forward scatter).  Also the different models seem to agree that 

there should be a low point somewhere between 120° and 150° followed immediately 

by a peak between 140° and 160°, which is immediately followed by an additional low 

point around 160°.  Therefore we expect that our device will likely exhibit a similar 

pattern.  Therefore, there is a need to obtain scattering intensities from 60° to 160°, i.e., 

spanning from high forward scattering to high back scattering angles.  With the tissue 

samples sitting on a flat surface, however, such detection is not practical, as it can best 

capture back scattering intensities.  In our device design, however, the incident light is 

coming from not just perpendicular from the surface (90° in Figure 1) but also from four 

additionalangles (100°, 110°, 120° and 130° in Figure 1), creating the scattering intensity 

profiles of 100°-170°, 90°-160°, 80°-150°, 70°-140° and 60°-130°, respectively.  
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Figure B-4. Simulated Mie scatter profiles for four common structures: colon cells, crypts, 

goblet cells, and capillaries. Normalized by subtracting the intensities simulated from 

healthy colon models from those obtained in cancer models and normalizing those 

findings. B) The range of scatter angles our device is able to detect for incident LED.  
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4.2 EXPERIMENTAL DATA FROM ANGULAR PHOTODIODE 

ARRAY 

Figure 5 shows the average normalized light intensity data from the rat 

specimens.  Clearly, the dimensionality of our data makes it difficult to visualize or to 

find meaningful trends.  Looking closely at the data it was observed that the data 

exhibited regions of significant changes in scattered light intensity for different 

wavelengths and different angles.  However, it is also clear that not all signals 

demonstrated significant variations between healthy and cancerous tissue samples.  

This is not overly surprising considering that according to our Mie simulation models 

we should only be seeing significant differences at a couple discrete angles, and that 

furthermore the changes we are expecting to see between healthy and cancerous tissue 

samples are relatively small. 

It was determined that not all light sources were equally effective in producing 

meaningful or sufficient scatter intensity.  For example, the blue (470 nm) light source 

was shown to produce samples with very large error bars.  This is reasonable because 

most blue light is absorbed by biological tissues [16], which would reduce the amount 

of scattered light that reaches a photodiode resulting in higher error.  Additionally, 

the red (624 nm) LEDs that were selected for this device produced insufficient power 

to provide an adequate scattering [the longer wavelength is correlated to lower 

energy as E (energy) = h (Planck’s constant) x c (speed of light) / λ (wavelength)], so 

while the data collected from the red LEDs exhibit very small error bars, they also 
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generally exhibited very low intensity.  As a result, it was found that for the data 

collected the green (505 nm) LEDs as a whole produced the most meaningful scatter 

profiles.  Using LDA to analyze the data along the optimal classification axis for each 

of the three incident wavelengths (470nm, 505nm, and 624nm) we find support for 

our claim that not all LEDs employed in our array are equally useful for classifying a 

tissue sample as either cancerous or healthy (Figure 6).  Based on these results, and 

their consistency in both human and rodent models it evident that the data collected 

with the green LED has the best chance of correctly classifying our samples. 

Taking the data obtained from the green (505 nm) LEDs and translating all 

LED/photodiode angles (as depicted in Figure 1) into the angles relative to the incident 

light (i.e. true Mie scattering angles), we can overlay the scattering profiles from each of 

our LED angles and piece together a general scatter profile (Figure 7).  This scatter 

profile exhibits a non-significant peak approximately 60°, a noisy flat region from about 

90° to about 120°, a significant low point ranging from 120° to 150° with a local 

minimum around 130° and another significant low point at 170°. These features 

correlate very nicely with those predicted from Mie scattering simulations. The data 

obtained from the rat tissue is most likely a product of each of the Mie-scatter simulated 

structures (cells, crypts, goblet cells, and capillaries) as well as other unstimulated 

structures combined with optical interactions such as the specular reflection and 

wavelength dependent absorption.  Despite that it does seem likely that the absence of 

goblet cells in our cancer tissues as well as the elevated number of capillaries in our 
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sample likely had a significant impact in the scattering profile of our cancerous rat colon 

samples compared to healthy ones. 

This data is also interesting because it allows us to see what effect the incident angle 

of light has on the scatter profile.  It seems that the more direct angles (90° and 100°) 

produce less significant changes which is an interesting finding.  
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Figure B-5. Mie scattering intensities, normalized by subtracting the the average healthy 

intensities from cancer intensities, from rat model plotted over the detector angle (as 

defined in Figure 1). 

  



94 
 

 

Figure B-6. Linear discriminant analysis for both rat and human colon samples (healthy 

vs. cancerous) for all wavelengths (top), red (second), green (third), and blue (bottom) 

illuminations.  
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Figure B-7. Normalized scattering intensity data from rat model with green (505 nm) light 

source, plotted over true Mie scattering angle. Each data was normalized by subtracting 

the average healthy tissue intensities from the average cancerous tissue intensities. 
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4.3 PRINCIPAL COMPONENT ANALYSIS (PCA) 

PCA score plots were used as an exploratory technique to help identify areas of 

variability within our full multivariable data set (8 photodiodes at different detection 

angles x 5 LEDs at different incident angles x 3 different colors = 120) in the hopes of 

simplifying and improving data visualization.  Figure 8 in the top shows the cancer vs. 

healthy sample data are clearly grouped together in two separate clusters, meaning that 

just by looking at the data with the most variation that we can correctly classify a 

sample as either cancerous or healthy.  Repeating the data collection, sampling, and 

analysis of two human subjects tissue samples it became apparent that this method is 

reproducible in humans, as shown in Figure 8 in the bottom.  However, there does seem 

to be the drawback that our device detects greater sources of variation between samples 

than the subtle effects that correlate to cancer specimen.  Using PC1 and PC4 we can 

account for roughly 50% of the variance in that data set.  This trend also held out when 

we collected and plotted the Mie scatter from two human samples.  In both rat and 

human models, PC2 and PC3 did not produce any meaningful clustering, indicating 

that those data did not provide any meaning distinction between cancer and healthy 

samples.  
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Figure B-8. Principal component score plots for rat colon tissue samples (10 samples) in 

the top and human colon tissue specimens (12 samples) in the bottom.  Sample standard 

deviations are marked by the placement of ellipsoids over the plots.  
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4.4 RED COLORATION IN RAT CANCER TISSUE SAMPLES 

Visual inspection of the rat colon tissue samples revealed that the cancer samples 

were typically more red than the healthy samples.  This is likely because cancer samples 

undergo increased blood vessel recruitment (angiogenesis) thereby resulting in an 

elevation in hemoglobin in cancer samples relative to most healthy tissues.  To test and 

see whether this alteration in pigmentation served a significant role in our sample 

identification exogenous hemoglobin was introduced to healthy rat colons and 

compared to rat healthy and cancer colon samples.  A pattern recognition technique is 

utilized in making a distinction among these three different tissue samples, which is 

linear discriminant analysis (LDA) discussed in the following section. 

4.5 LINEAR DISCRIMINANT ANALYSIS 

As an alternative to PCA, linear discriminant analysis (LDA) was used  to 

visualize the variability within our multivariable data set for three different rat colon 

tissue samples, i.e. healthy colon, cancerous colon, and healthy colon added with 

hemoglobin.  LDA is a dimensionality reduction technique, which maximizes the linear 

separation between the average value of different classes of data while trying to 

simultaneously minimize the variation within a classification. 

Because, the green (505 nm) illuminated data was already determined to yield the 

best classification, and also be one of the optimal wavelengths for the detection of 

hemoglobin it was selected for this as well. (Figure 9). From this plot we see very clear 

separation between the cancer and healthy samples.  Additionally, it becomes clear that 
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the colon sample with exogenous hemoglobin added is identical to the normal colon 

samples with regards to the LD1 (horizontal) axis which is the axis used to separate the 

cancer and healthy samples.  The LD2 (vertical) axis seems to be the axis along which it 

differs from our healthy sample, not the least of those is the change in coloration.  
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Figure B-9. Linear discriminant analysis for rat colon samples (healthy, cancerous, and 

healthy added with hemoglobin) at green illumination. 
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5 CONCLUSION 

Based off our findings we are confident that changes in optical scattering between 

cancer and healthy colon samples can be detected using a simple photodiode array 

consisting of just several PIN photodiodes and one or more LEDs.  The angular array 

we designed gives a basis for experimentally identifying angles and colors 

(wavelengths) of LEDs that are particularly useful for identifying cancer samples from 

healthy tissue samples despite the fact that tissue specimen exhibits complex scattering 

behavior. 

A rat model was employed and tested by growing human RKO tumor cells in 

immunocompromised RNU rats and the colon tissue samples were harvested.  

Comparing the Mie scatter simulations to the experimentally collected scatter profile 

data from the rat model seem to suggest that the scatter profile observed is a product of 

a number of tissue macro- and microstructural elements where perhaps the two greatest 

differences in our rat model originating from the lack of goblet cells in tumor and the 

increased presence and number of capillaries.  While there exist many other factors 

other than those that were modeled, we were still able to correctly identify and classify 

cancer vs. healthy colon tissues.  Our device and method also worked well with human 

colon cancer samples. 

The results also indicate that the angular photodiode array we designed could be 

improved by better matching the power output from the LEDs employed, collecting data 
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with higher resolution (by perhaps using one or more linear photodiode arrays), and by 

gathering additional data.  
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6 APPENDIX 

 

Figure B-S1. Example raw data obtained from two discrete light sources.  Top: blue LED 

positioned at 130°. Bottom: green LED positioned at 110°.  
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1. ABSTRACT 

Oil spills can be environmentally devastating and have unintended economic and 

social consequences. Additionally, the severity of an oil spill doesn’t always correlate to 

the size of the spill. Smaller oil spills are still a serious environmental hazard; however, 

they are often overlooked in part due to a lack of manpower and the difficulty of 

classifying oil spills on-site.  

While prevention is preferred, rapid response and informed clean-up protocols 

significantly improve the outcome and reduce the effect oil spills cause. An important 

element of this concerted effort includes the ability to rapidly classify and characterize 

oil spill samples. 

We partnered with the Korean Institute for Ocean Science and Technology in order 

to develop an easy-to-use, portable sensor capable of classifying oil spills rapidly on-

site. Our device uses the computational power and affordability of a Raspberry-Pi 

computer and camera coupled with three UV-LEDs, a diffraction grating, and 

collimation slit in order to develop a spectrophotometer that measures the fluorescence 

fingerprints from the three UV LEDs. 

Based off a 160-sample database this platform is able to classify oil samples into 4 

broad categories: crude oil, light fuel oil, heavy fuel oil, and lubricating oil with a 95% 

accuracy using principal component analysis to reduce spectral dimensionality and 

support vector machines for classification. The device is also able to predict some 

physiochemical properties, specifically saturated, aromatic, resin, and asphaltene 
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percentages (SARA) based off linear relationships between different principal 

components and the percentages of these residues. Sample preparation for our device is 

also straightforward and appropriate for field deployment, requiring little more than a 

pasture pipet. These properties make our device a valuable tool for field testing 

samples.   
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2. INTRODUCTION 

Oil spills can have substantial environmental, economic, and societal hazards.1–3 

Interactions of spilled oils with biota and their habitats is complex often impacts animal 

lifecycles, disrupting marine mating and feeding cycles and impacting fishing and 

tourism industries.2 Additionally, oil spills are very harmful to marine vertebrates and 

are known to penetrate the plumage of birds and the fur of aquatic mammals 

undermining their insulating and buoyancy properties. Many birds than ingest the oil 

as they try to clean their plumage, which can poison them.4 

Oil spills can arise from many sources ranging from the extraction and 

transportation of petroleum, to accidents and routine occurrences during fueling and 

shipping of any marine vessel including but not limited to tankers.5–7 

Because, oil spills can arise from so many sources, it is important to quickly classify, 

and determine physiochemical properties of oil samples, preferably on-site. Identifying 

the specific residues and classification of petroleum is an important part of any oil spill 

investigation.2,8–14 The most commonly used methods for assessing and measuring these 

oil spill residues and obtaining a chemical fingerprint of the sample are using gas 

chromatography to perform mass spectroscopy (GC/MS) and flame ionization 

detection (GC/FID) as well as thin layer chromatography to perform flame ionization 

detection (TLC/FID).2,8,10,11,14 This battery of tests can be used to obtain a great deal of 

information about oil spill samples including: the relative abundance of saturate 

hydrocarbons, aromatic hydrocarbons, resins, and asphaltene molecules (SARA); the 
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relative abundances of differently sized hydrocarbons; as well as specific residues. 

These advanced techniques are invaluable for identifying oil spills samples. However, 

these tests take time, resources, and highly trained technicians. Additionally, the 

samples require advanced laboratory settings.2,14 This makes it impractical to test 

thousands of field samples from every little oil spill as well as the repeated testing that 

is required following a large oil spill. As a result, there is a clear need for more cost-

effective, rapid emergency field investigation strategies and monitoring methods.2,14 

In investigating oil spill samples from the Deepwater Horizon’s (DWH) spill Han 

Y. et al. demonstrated six sensory inspection techniques that were shown to be useful 

for characterizing tar-ball samples obtained from that specific oil spill sample. Those 

tests included a strength test, shine test, sand test, stickiness test, color test and odor 

test.14 These tests lack rigorous controls and are dependent on the subjectivity of the 

individual performing the test. Additionally, the results of these tests don’t readily 

lend themselves to identifying a new unknown sample, as they were designed to 

specifically identify and characterize the DWH spill. 

The goal of the current work is to develop an accurate portable device that can 

characterize and classify unknown marine oil samples by comparing the fluorescence 

produced by UV-A light sources. 

Our device makes use of fluorescent properties of oil samples by developing a 

portable spectrophotometer that measures fluorescence from three light sources (LEDs 

at 365 nm, 375nm, and 385nm) from 350 nm to 750 nm using a Raspberry-Pi computer 
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and camera. The dimensionality of the 1203 features that correspond to integer 

wavelength values for the three fluorescent spectral ranges was reduced to 10 

dimensions using principal component analysis (PCA) to aid in easier visualization and 

more accurate classification of the data. we broadly classified the oil samples into one of 

four major categories, crude oil, lubricant oil, heavy fuel oil (consisting of marine fuel 

oil (MFO) and Bunker-C), and light fuel oil (consisting of all other fuel oils ranging from 

gasoline up to Bunker-B) using support vector machines (SVM) with an RBF-kernel.  

For those classifications our model is able to correctly predict oil samples with a 95% 

accuracy.  

Correlating the principal components with physiochemical properties of oil 

including the percent content of saturated hydrocarbons, aromatic hydrocarbons, 

resins, and asphaltene molecules (SARA), whose values where provided to us by our 

collaborators, we are able to predict with some accuracy the percent content of some 

portions of SARA for tested oil samples. 
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3. METHODS AND MATERIALS 

 

3.1. SENSOR DESIGN 

Device housing was created using SolidWorks 2013 x64 Edition (Dassault 

Systèmes, Vélizy-Villacoublay, France) and 3D printed in ABS (acrylonitrile-butadiene-

styrene) polymer using (Ultimaker 3; Ultimaker, Utretch, Netherlands).  The housing can 

be subdivided into 4-major areas: first, housing for the Raspberry-Pi computer; second, a 

3D-printed cuvette holder with mounts for three UV-LEDs; third, consists of an optical 

path with mounts for a collimation slit diffraction grating and camera mount; The final 

region consists of device circuitry to power the LEDs. 

The computer housing contains the impressive computational power of the 

Raspberry Pi computer (Raspberry Pi 3B+, Raspberry Pi Foundation, Cambridge, UK). 

We also made use of 2 additional commercial circuit ‘hats’ that were designed to integrate 

with the Raspberry-Pi by sitting on top of the device, a power supply with a lithium 

battery, and a capacitive touchscreen. The UPS (universal power supply) (Raspi UPS 

HAT V1.1, Geekworm, Shenzhen, Guangdong, CN) makes it possible for the device to be 

used portably, without a need to be constantly plugged in, and came with a 3.7 V 2600 

mAh lithium ion battery. We also employed a touchscreen (PiTFT 2.8, Adafruit 

Industries, New York, NY, USA) again to aid in the portability of the final product 

because the final user could use the touchscreen in lieu of a monitor and mouse. 

The cuvette holder is a separate 3D component printed in ABS that slides firmly 

into place in the housing.  The top of the housing aligns with the sample loading port that 
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cuvettes can be inserted into. On the side nearest the optical path there is a window that 

aligns with where the collimation slit is located. The side opposite the collimation slit is 

blank, however, the remaining 3 sides (left, right, and bottom) all contain mounts for UV-

LEDs that fluoresce at different wavelengths 365nm 375nm, and 385nm respectively 

((part numbers: M365D2, M375D4, M385D2), Thorlabs Inc., Newton, NJ, USA). 

The optical path passes through a 3D printed ABS slit with final dimensions of 

.23mm x 5.6mm slit that was designed as a .75mm x 6 mm slit.  The light travels 23mm 

before interacting with a 1200 line/mm diffraction grating (GT13-12, Thorlabs Inc., 

Newton, NJ, USA) positioned at 75° relative to the grating normal, splitting the light and 

diffracting the light. The Pi camera (Camera V2.1, Raspberry Pi Foundation, Cambridge, 

UK) is positioned parallel to the grating so that the camera lens is positioned 3mm behind 

the back of the diffraction grating in a position to collect 350 nm to 750nm light from both 

the first and second order diffractions. 

 

 



115 
 

 

Figure C-1:  Sensor Design and Layout.  A) Images of overall device design.  B) Image of 

Cuvette housing and optical pathway to the Pi-camera.  
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3.2. CIRCUIT DESIGN 

The UV-LEDs toggle on and off one at a time using GPIO outputs from the Raspberry-

Pi.  The problem we encountered was that the voltage output of 3.3 Volts from the GPIO 

pins was too low to run the selected high-power UV-LEDs.  Therefore, we used the 

Raspberry Pi output voltage pin that constantly provides 5V at 1-Amp which provides 

appropriate power constraints for our UV-LEDS.  To pair the voltage and current limits 

from the Output pin with the toggle-ability of the GPIO pins we used a couple transistors, 

diodes and resistors to enable this switch like behavior. 

 

Figure C-2: UV-LED circuit diagram. The UV-LEDs are powered by the Raspberry-Pi  5V 

output pin. The GPIO pins work in concert with the transistors to switch the LEDs on and 

off. 

3.3. COMPARISON WITH COMMERCIAL SPECTROPHOTOMETER 

The spectral response of our device was compared with a commercial 

spectrophotometer (USB4000-UV-VIS, Ocean Optics, Largo, Fl, USA) in two tests. The 



117 
 

first test was done on an early prototype of our device where the spectral output of 4 

LEDs was compared. Later, the fluorescent response of 10 oil samples were compared 

following the sample preparation techniques and data collection methodology listed 

below. 

3.4. SAMPLE ORIGIN AND PHYSIOCHEMICAL TESTING 

Crude and marine fuel oils used in this study were purchased from SGS Korea, and 

gasoline, diesel, lubricant, and bunker oils were collected from Korean Coast Guard 

marine vessels throughout South Korea. Physicochemical properties such as density, 

viscosity, sulfur contents, API gravity as well as the percentage ratios of saturate, 

aromatic, resin, and asphaltene (SARA) (analyzed by TLC/FID) were obtained by the Oil 

and POPs Research Group of Korea Institute of Ocean Science and Technology. 

Physicochemical properties of petroleum products were analyzed based on the 

standardized analytical methods that are commonly used during oil spill fingerprinting 

for environmental impact assessments. Physiochemical values that were obtained from 

each sample was based on sample triplicates where readings from each of the sample 

replicate was based on the average value of triplicate instrumental analysis (and the mean 

values of all samples and instrumental replicates were within the acceptable RSD values). 

3.5. SAMPLE PREPARATION 

Initially, our device was tested using only 10 samples provided by our collaborators 

at Oil and POPs Research Group of Korea Institute of Ocean Science and Technology. 

Once our device showed promise our device was mailed to our collaborators and used to 

collet fluorescent data from 160 oil samples. Depending on sample clarity, samples were 
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diluted in ≥99.9% pure dichloromethane (DCM) using one of two methods. Opaque 

samples were diluted until transparent with just a light shade of coloration to it. 

Transparent samples were diluted roughly ten-fold. This dilution process is relatively 

rapid and simple enough that most untrained personnel can perform it easily. Final 

volumes ranging from 1-3ml were added by pasture pipette to borosilicate cuvettes for 

analysis.  

Figure C-3: Example crude oil sample dilutions. Clear samples were diluted roughly 10-

fold. Colored samples were diluted until transparent and lightly colored. 

 

3.6. SCRIPT, CALIBARION, DATA COLLECTION 

We designed a script in Python to be run with our device to enable easy data collection 

and sample identification. A key element toward making this device accessible to the end 

user was designing a friendly graphical user interface (GUI) that is easy to navigate and 

directs the user how to use the device. The GUI was designed using the tkinter library 

(available at //docs.python.org/3/library/tkinter.html).  

We also integrated script to calibrate the device each time it is run in order to ensure 

that all data is processed identically. Each time a sample is run the device is calibrated in 

two different ways.  The end result of these calibrations is to determine which pixels from 

https://docs.python.org/3/library/tkinter.html
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the raw images will be used to generate the output data representing spectra from 350 

nm to 750nm. 

The first step of calibration is achieved by asking the user to load a blank sample of 

DCM (used to dilute samples). Images of the fluorescence from each of the three UV-

LEDs for a single sample are collected and the grayscale of each of those images are 

overlaid together. The user is than asked to choose the left and right boundaries for the 

data they are interested in. This is done to remove large regions of “black space” in the 

image that corresponds to areas that fall outside the path of the light beam. Examples are 

available to the user to aid them in this process. 

The second calibration step is completely automated and determines which rows of 

pixels correspond to integer values of wavelengths from 350nm to 750nm. In this step the 

365 illuminated image and 375 illuminated image that were captured of the sample blank 

are further split into their red and green channels. The images are cropped using the user 

specified boundaries from step one of calibration.  The image was then converted to a 

NumPy array using the NumPy library (numpy.org/). Each row was averaged together 

to yield average intensity observed at that specific wavelength where those average 

values are appended to a list. That list ends up containing the average intensity value at 

each row of pixels in the cropped image. This list was then put through the 

SciPy.signal.find_peaks algorithm that finds peaks from a continuous list of data setting 

‘distance’ (between peaks) to 200 and (minimum) prominence to 1. This left us with only 

the most prominent peaks, their position and intensity. We expect the first order 

https://numpy.org/
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diffraction spectra to show up brighter and earlier. Also, the DCM spectra is known to 

exhibit 2 peaks in the green channel with the 365 and 375 nm illumination, the first peak 

corresponds with a spike in UV leakage at 390 nm. The second peak corresponds with a 

very weak elevation in green intensity at 515 nm.  We only expect a single peak in the red 

channel with the 365 and 375 nm illumination that corresponds with UV leakage at 390 

nm. The pixel number is obtained for each of the points and they are all plotted and 

processed with a linear regression from the SciPy statistics library 

(docs.scipy.org/doc/scipy/reference/stats.html) and the R-squared value, slope, and 

intercept were all noted.  If the R-squared value was lower than 0.99 an error was thrown 

up on the GUI warning the user to rerun the blank-sample, this occurs if the 365nm and 

375nm light sources can’t agree where those peaks should be. The device than checked to 

make sure that both 350nm spectra was in range by making sure that the intercept was 

less than or equal to 350.  If this was not the case the device throws an error warning the 

user and asking them to check the positioning of the optical components. 

A list of desired pixels that corresponded with integer value of wavelengths from 350 

to 750 was than generated by iteratively running wavelengths through the linear equation 

generated `from the linear regression and appending pixel values to a new list.  This list 

corresponds with the pixel numbers that most closely match the integer wavelength 

values in the range of 350nm to 750nm and is applied to all samples that are collected 

immediately following calibration. 

https://docs.scipy.org/doc/scipy/reference/stats.html
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Figure C-4:  Pixel to wavelength calibration. The user cropped image (bottom) is rotated 

such that the rows of pixels that correlate to wavelength values are now columns. The 

image was than split into red, green, blue color channels (RGB) and each of those columns 

were averaged together resulting in an average intensity plot vs pixel number for each 

channel. (Three plots on the left). Local peaks were identified on these plots. The peaks 

corresponding to the first order diffraction were than plotted against the known 

wavelengths of those peaks. (right) 
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Following calibration, when the user is ready to collect data, the user inputs a name 

for the sample they are testing. The device illuminates the sample at each of the three 

wavelengths and captures images during that illumination. These images are than gray-

scaled, cropped based off the user set boundaries, converted into a NumPy array, the 

rows are averaged together, and the pixel values that correlate to integer wavelength 

values from 350nm to 750nm based off of the array collected during calibration are 

appended to a list that contains the sample name, regression slope, and regression 

intercept. The lists for the 365nm 375nm and 385nm wavelengths are appended together 

to the list with the name and saved as a row to a comma separated text (CSV) document 

that contains all samples that are collected from the device. 

3.7. DATA ANALYSIS 

Data obtained from the device was initially plotted in excel for visual inspection. The 

data was than processed using principal component analysis (PCA) from the sci-kit learn 

library (scikit-learn.org/stable/) to reduce dimensionality from 1203 features to 10. 

Sample classification was also completed using the sci-kit learn function for support 

vector machines (SVM) with an RBF (Radial Basis Function) kernel. SVM parameters C 

and gamma were optimized by grid-search where we made use of sci-kit learn function 

for kfold testing setting n_splits equal to three and iteratively tested our data for different 

values of C (.001, .01, .1, 1, 10, 100, 1000) and gamma((.001, .01, .1, 1, 10, 100, 1000).  Linear 

and polynomial kernels were also tested on both the raw data and PCA transformed data. 

We also tested K-Nearest Neighbor, Random Forest, TanH-MLP, and Relu-MLP 

classifiers but settled on SVM classification using a RBF kernel of PCA transformed 

https://scikit-learn.org/stable/
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partially due to computation time and also because it yielded one of the better 

classification rates. 

This classification is being integrated into the device script so that it will immediately 

returns the sample classification to the end user. 

3.8. COMPARISON TO PHYSIOCHEMICAL PROPERTIES 

To demonstrate that our fluorescence spectra has a basis in the physical properties of 

the sample, as well as to see what those properties might be, we plotted the first four 

principal components (because they each correspond to at least 2% of the data) against 

sample’s percentile content of the following structural elements: Saturated hydrocarbons, 

aromatic hydrocarbons, resin compounds, and asphaltene hydrocarbons (SARA) which 

were provided to us for each of the tested samples by our collaborators at the Oil and 

POPs Research Group at KIOST. 

A predicted percentile classification of these samples is being integrated into the 

device following the initial classification process.  



124 
 

4. RESULTS 

4.1. COMPARISON TO COMMERCIAL SPECTROPHOTOMETER 

An early prototype of the device was tested by shining different colored LEDs 

through the collimation slit and measuring he fluorescence to determine the pixel to 

wavelength ratio and compare the spectral response of our device with that of a 

commercial spectrophotometer. This early prototype used a paper collimation slit in 

place of the 3D printed slit we later settled on.  Additionally, the devices was in an early 

prototype of the housing, and our image processing had not been fully integrated.  

Despite these hurdles our device collected spectra that was very similar to that provided 

by the commercial spectrophotometer. At that time our spectra were rather noisy and 

sometimes produced odd shoulders on peaks. The spectra also tended to be somewhat 

broader than the commercial spectrophotometer which may indicate a loss in resolution 

relative to commercial spectrophotometers, possibly as a result of our camera being out 

of focus with the LED. Many of these shortcomings were remedied at least in part by 

updates in code, device layout, and the substitution of collimation slit.  
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Figure C-5: Spectral comparison of an early prototype of our device (red) and a 

commercial spectrophotometer (black) with four different illumination sources: a white 

LED (top left), a green LED (top right), a blue LED (bottom left), and a red LED (bottom 

right).  
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 The spectral results of our final device were also compared to those obtained using 

a commercial spectrophotometer. In this case we collected fluorescent spectra from 10 

samples both using a commercial spectrophotometer as well as with our device. 

The most obvious finding comparing the spectra is that our device doesn’t provide any 

variation in samples from 426nm to 483nm, where the commercial spectrophotometer 

provides significant variation in this range.  Closer analysis as to why this is showed that 

the blue channel in our device was regularly being saturated for that range of 

wavelengths. This artifact has been remedied by replacing the blue channel spectra from 

the first order diffraction with that from the second order diffraction. Future models of 

our device will no longer exhibit this flaw. 

Additionally, our device doesn’t really register the peak at 360 nm in quite the same 

way as the commercial spectrophotometer which alters the normalization of some of the 

data. Despite these shortcomings in spectral response our device otherwise closely 

matched the results from the commercial spectrophotometer mimicking many of the 

other sample responses based on sample classification. Perhaps more importantly our 

device exhibits internal consistency. 
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Figure C-6: Normalized spectral comparison of our device (bottom) and a commercial 

spectrophotometer (top) measuring fluorescent signal from 10 oil samples. The three sets 

of peaks correspond to different illumination sources: 365nm, 375nm, and 385nm 

respectively. The spectra from our device includes a plot of DCM blank sample (dotted 

blue) while the commercial spectrophotometer does not.   
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4.2. SAMPLE DILUTION CONSISTENCY 

Sample dilutions were made simple to aid the end user in classifying samples 

rapidly in the field. One concern was that this rapid and imprecise dilution process 

would result in unusable variation in sample to sample fluorescence.  However, this 

concern was shown to be baseless both in our final data collection as well as in dilution 

to dilution variation tests that showed little difference in spectra diluted this way and 

more precise dilution methods. 

 

 

Figure C-7: Example spectra demonstrating spectral consistency for samples diluted to 

“until visibly clear”. Plot is of spectra taken at 365nm for a Basrah Light Crude Oil sample.  
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4.3 INITIAL RESULTS 

Initially, our device was tested on a very limited dataset in order to see whether it was 

able to classify between different sample types and group similar samples together. This 

limited data set included three crude oil samples, two of which were very similar and one 

that was quite different. Two lubricant oil samples (one fresh and one used), two Marine 

Fuel Oil (MFO) samples (which are a the most common heavy fuel oil used by marine 

vessels), and three lighter fuel samples (Bunker-A, Marine Gas Oil, and Marine Diesel 

Oil). The spectra we collected of these samples allows for the visual identification and 

classification of a number of samples.  For example, it is immediately apparent that the 

lubricant oils tend to exhibit lower florescence at most wavelengths, but especially true 

at high wavelengths. The light fuel samples tend to exhibit less florescence at high 

wavelengths but are not as attenuated as lubricant oils. The similarly behaving crude oil 

samples behave similarly, as do the MFO samples. The MFO samples differ from the 

crude oil samples notably in the low wavelength regions where they exhibit less 

florescence. While the differently behaving crude sample has a unique profile all its own. 
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Figure C-8: Spectra obtained from 11 different samples. Plots are of the average intensities 

obtained from 10 replicates. Plot is divided into 3 regions each corresponding with a 

different excitation wavelength (365, 375, and 385 nm). Samples are plotted with a 

different line style based on broad categorization as: crude (solid line), marine fuel oil 

(long dash), light fuel oil (small dash), lubricant oil (dash/dot), and DCM (dot). 
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4.4 INITIAL PRINCIPAL COMPONENT ANALYSIS 

While we may be able to visualize small trends in the sample data it is a little difficult 

to classify the data based on a dataset that contains 1203 different features even when we 

can largely ignore certain regions. Also, it is somewhat difficult to make inferences about 

the samples from this data without knowing the specific asphaltene and aromatic 

components in the sample that are responsible for their florescence profiles. For this 

reason, it is useful to reduce the dimensionality of our data from 1203 dimensions to 10 

or fewer where we can more easily visualize sample grouping and separation and also 

investigate what physiochemical properties are significantly captured by a specific 

Principal Component. 

A two- dimension PCA plot of PC-1 and PC-2 shows that we are able to get clear 

separation of lubricant oil samples.  As well as demonstrated trends between the other 

samples where the similarly behaving crude samples are grouped, the heavy fuel oil 

samples are grouped, and the light fuel samples are nearby. Using a third principal 

component (PC-4) helps provide additional separation by separating the B-A sample. 

While these trends are not particularly meaningful it is important to note that with the 

complexity of the data and variation in oil samples that 10 samples are not sufficient to 

get an appropriate idea of sample groupings. Toward that end we moved forward with 

the collection of a larger (considerably more meaningful) dataset. 
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Figure C-9:  PCA plot of the 11-sample dataset. 10 replicates for each sample are 

represented. Sample standard deviations for each sample are marked by the presence of 

an oval. PC-1 and PC-2 account for 90% of the variance in the original data.  Samples are 

plotted with a marker style based on broad categorization as: crude sample (square), 

marine fuel oil (diamond), light fuel oil (triangle), lubricant oil (circle), and DCM (dot). 
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4.5 DEVELOPING A TRAINING DATABASE 

A training database of 160 samples was collected by our collaborators using our 

device and the protocol laid out in this work. This database included 82 crude oil 

samples, 16 heavy fuel oil samples, 13 lubricant oil samples, and 47 light fuel oil 

samples ranging from samples as light as gasoline all the way up to a single sample of 

Bunker-B. The spectral data from these samples was collected and visually inspected, 

however, because of the sheer number of samples it is impractical to visualize the raw 

spectra. To aid in sample visualization and later to assist in classification samples were 

transformed to 10 dimensions using PCA. PCA weighting scores were plotted against 

wavelength for the first 4 PCs so that we can visualize which portions of the spectra 

give rise to each PC. 
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Figure C-10: PCA loading plot for the first four Principal Components of the 160-sample 

dataset. This figure is useful for visualizing which wavelengths contribute to which 

principal components.  
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4.6 SAMPLE CLASSIFICATION  

Samples were broadly classified into one of four fuel types: crude oil, heavy fuel oil 

(consisting of Bunker-C and marine fuel oil), light fuel oil (consisting of all other fuel 

oils), and lubricating oil. Samples were visualized by PCA and classified by SVM using 

an RBF kernel. SVM parameters C and gamma were set to 100 and .1 respectively based 

off the findings of a grid-search.  PCA rather clearly separates the different classes. The 

two principal components that seem to demonstrate the clearest separation is PC1 and 

PC3 which accounts for 85% of the variance in the data. However, the SVM 

classification algorithm we employed makes use of all 10 principal components in our 

data.  

Omitting 15% of our data from training to validating our model we were able to a 

produce a confusion matrix.  Overall, we demonstrated a 95% correct classification into 

one of the four broad oil classifications. 

There are a couple of regions in our PCA plots with notable sample overlap. The 

most prominent of these regions on the PC1 by PC3 plot exists in the crude 

classification range where PC1 is less than -.2.  Looking at the raw data from these 

samples we see this region corresponds to samples that exhibit low florescence calling 

into question our devices ability to properly classify them.  As a result, we are 

considering including a warning for the user that the classification predicted in this 

region has a reasonable chance of being a misclassification.  
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Figure C-11: PCA plot and SVM decision boundaries for the 160-samples (5x replicate) 

training data-set. Samples are categorized by SVM using an RBF kernel. Training data 

was classified into one of four broad categories: crude oil, lubricating oil, heavy fuel oil 

(consisting of Marine Fuel Oil and Bunker-C samples), and Light Fuel Oil (consisting of 

everything else). 
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Figure C-12: Confusion matrix consisting for 15% of the 160-sample training data-set. 

Overall, our model exhibits a 95% correct classification rate. 
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4.7 PHYSIOCHEMICAL BASIS 

Physiochemical significance of the principal components was investigated by 

plotting the principal components against the percent content of saturates, aromatics, 

resins, and asphaltenes (SARA). Not all of these properties are predictable from each 

sample using our device, however, we are able to predict many of these properties for 

most samples. 

For example, crude samples largely follow a linear trend with asphaltene content for 

PC1 although outliers do exist suggesting that the relationship between asphaltene 

content and PC1 doesn’t tell the whole story.  Light fuel oil follows linear trends 

between PC1 and aromatic and saturate contents, however, this trend is largely a 

product of the light fuel oils being grouped into two discrete populations. The heavy 

fuel oil samples follow the most significant linear trends with asphaltene contents and 

aromatic contents and PC4 (it also showed trends with these parameters and other 

principle components, only not as statistically significant). Additionally, all samples, 

except for lubricating oil, contribute to the resin content with PC3. There also seems to 

be a trend with all samples for the asphaltene content in a sample with PC3 although 

this trend is somewhat tenuous.    
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5. CONCLUSION 

In conclusion, we were able to design a portable device appropriate for on-site oil 

testing. The device is capable of broadly classifying oil samples into one of four 

categories: crude oil, heavy fuel oil (consisting of marine fuel oils and Bunker-C oils), 

light fuel oil (consisting of all other fuel types), and lubricating oil with a 95% accuracy. 

Additional, data classification into more discrete categories seems likely with more 

samples, however some of the smaller datasets were too small to result in a more 

refined classification. Additionally, we can predict with some accuracy a sample’s 

physiochemical content with regards to saturate, aromatic, resin and asphaltene content 

percentages. This data, the sample classification as well as any pertinent percent 

composition of SARA (saturate, aromatic, resin, asphaltene content) will be output from 

the device alongside the predicted accuracy of those findings. 

This platform promises to be a useful test for the rapid classification of oil samples in 

part due to its portability and because of the simplicity of use resulting in its ease of use. 

It should serve as a useful platform for regulatory agencies performing environmental 

forensic studies following an oil spill and during clean-up.  
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6. APPENDIX 

 

Figure C-S1: Crude oil physiochemical properties predicted by PCA analysis. The linear 

relationship between most crude oil data and the % Asphaltene content in comparison to 

PC-1 
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Figure C-S2: Light Fuel oil physiochemical properties predicted by PCA analysis. The 

linear relationship between light fuel oil (LFO) and % Aromatic content (top) and saturate 

content (bottom) in comparison with PC-1. 
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Figure C-S3: Heavy Fuel oil physiochemical properties predicted by PCA analysis. The 

linear relationship between heavy fuel oil (HFO) and % Asphaltene content (top) and 

Aromatic content (bottom) in comparison with PC-4. 
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Figure C-S4: Combined oil physiochemical properties predicted by PCA analysis. The 

linear relationship between all samples and % Asphaltene content (top) and all samples 

(other than Lubricating oil) and Resin content (bottom) in comparison with PC-3. Samples 

are color coded. Crude (blue), LFO (yellow), HFO (orange), and Lubricating oil (gray).  
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