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Abstract

Tumors exhibit greater vascularization and lower blood oxygenation. Suspicious tumors may be
detected by measuring the changes in oxygen saturation (SO2), noninvasively. In this project, we explore a
method to perform 2D SO2 mapping of superficial human tissue. Oxygenated and deoxygenated hemoglobin
exhibit distinctive reflection patterns of light in response to both red and near-infrared (NIR) wavelengths. Using
a multispectral imaging technique, SO2 mapping of a region of interest (ROI) can be performed. Light from red
and NIR LEDs is sequentially projected on tissue while the image sequence is automatically recorded. Frames
are then isolated and processed at each illumination wavelength. LEDs are placed at a specific angle relative
to the surface of the tissue so that the camera only captures reflected light that interacts with the targeted
tissue. The frames are then analyzed with an algorithm that was designed to extract and process the light
intensities frame by frame. Each frame is split into 10X10 pixels areas. The average intensity of each area is
collected over time. Matching pixel coordinates are then used to produce SO2 maps. Both the device and the
algorithm are validated by liquid phantoms that mimic the optical properties of oxygenated and deoxygenated
tissues. Consequently, our product, utilizing 2D SO2 imaging technology, is capable of producing
high-resolution images of SO2 mapping from targeted tissues based on the difference in vascularization.
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1.0 Introduction & Background
As one of the most common leading causes of death in the world, cancer leads around 10 million deaths

worldwide in 2020. The high growth rate and rapid deterioration of cancer make tumor detection at an early
stage an essential task. In general, early diagnosed cancer has a greater opportunity for recovery10. Some
cancer diagnostic technologies such as endoscopy are invasive11, and traditional diagnostic methods like
whole-body CT and MRI have disadvantages including radiation exposure, high cost, non-routine basis, and
potentially low yield in detecting significant abnormalities in these patients5,13. As such, any more effective and
economic early detection innovation is lifesaving. 

Oxygen saturation measurement provides a good way of visualizing suspicious tumor tissue12,14. Point
measurement method of SO2 level like pulse oximetry is well-studied in nowadays research. The method makes
use of photoplethysmographic pulses in the red and infrared regions and employs the concept from the
absorption spectra of hemoglobin6,7,8,9. When the wavelength of light shining on tissue surface is larger than 800
nm (the isobestic point), the extinction coefficient of oxygenated hemoglobin (HbO2) is higher, which means that
more of the light will get absorbed by it, compared to that in deoxygenated hemoglobin (Hb); vice versa, when
the wavelength of light is smaller than 800 nm, deoxygenated hemoglobin shows a greater absorption level than
oxygenated hemoglobin. This property of absorption spectra enables us to differentiate tumor and healthy
regions on a tissue surface by mapping the intensity of light reflected back from hemoglobin-sufficient tissue
surface.

Figure 1. Absorption spectra Hb and HbO2 (the isobestic point is the wavelength at which the absorption by the two forms
of the molecule is the same). Figure reproduced from Neil Townsend, 2001.

The benefit of this application is that it is noninvasive and without the use of radiation exposure, while the
disadvantage is apparent, in that it doesn’t increase the accuracy of cancer detection: measured SO2 levels can
differentiate by a large degree from the actual value due to light scattering effect6,16,17. In recent studies, a 2D
optical device that provides a two-dimensional mapping of HbT and SO2 in human tissue can reach as much as
92% diagnostic sensitivity and 67% specificity in detecting ductal carcinoma2. This supports that 2D imaging for
SO2 in biological tissues may also improve current detection accuracy in other types of cancerous tissues, for
instance, if 2D imaging for SO2 can be combined with invasive detection methods like endoscopy14,18.
Furthermore, the 2D optical device has a potential commercial value since its portability compared to the
traditional radiation detection method allows it to reach out to non-governmental organizations and markets with
low-resource medical settings15.

Current oxygen saturation measurement methods like pulse oximetry are common in clinical use6,7,8,9.
However, the pulse oximetry only accounts for an estimation of arterial blood SO2 over a small area, while few
applications are made in observing the distribution of SO2 level over a larger area of biological tissue. Although
the idea of 2D mapping is well-researched12, it hasn’t developed to application in tumor detection
circumstances.Thus, 2D mapping in our project can challenge current clinical practice paradigms by allowing
clinicians to record and visually observe the abnormalities in cancer-risky regions that traditional pulse oximeters
cannot. Also, the design is innovative since it captures the light interacted and reflected back from the skin
surface, rather than collects the light transmitted through one's fingertip. In this case, the design brings the
image collector and the light emitter to the same side of the model, allowing the device to directly sit on the
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targeted tissue surface. Unlike a pulse oximeter, which requires a finger clip and is limited to point measurement
on the fingertip, our design can be applied to various skin surfaces. Moreover, the design gives a more
convenient and prompt way of cancer screening in health examinations. A set of algorithms is compiled for the
image processing, calculating a 2D image for oxygen saturation distribution, and a graphical user interface
(GUI) is constructed for the convenience of users. The algorithms also allow users to modify and update the
system of 2D mapping analysis easily in the future. In addition, the circuit design of the device enables users to
utilize GUI to interact with the LEDs. A metal-oxide semiconductor field-effect transistor (MOSFET) is included in
the circuit to control the main parameters, which are resistance and a switch that can turn on or off the lights of
the circuit. The circuit also contains LEDs with two different wavelengths of light, which are 624 nm for red lights
and 640 nm for NIR lights, inserted in the scanning device alternatively. Therefore, the entire system provides a
user-friendly way to switch between light sources and simplifies the measurement process.

In addition, the project utilized optical phantoms for device validation. The self-designed liquid phantoms
mimic the optical properties of human superficial tissue and are able to test the system for its accuracy of SO2
level. The successful validation of our designed device via such method would allow further research and
development and hence commercialization and clinical use.

2.0 Methods
2.1 Preliminary Experimental Design

The idea of our design is based on a well-established mechanism of pulse oximetry; therefore, we first
tested this knowledge into practice by observing the process of light transmission through our superficial tissue,
which was the skin on our hands. The video preliminary experiment was used to prove that proper images could
be captured and analyzed through reflection. The goal of this stage was to identify the cardiac pulse rhythms
from the recorded video over the skin of the fingertip. The devices involved in this preliminary experiment
included a mobile phone camera, a hand-built simple camera holder made by a card box, LEDs in different
wavelengths, which were the red lights with a wavelength of 624 nm and the NIR lights with a wavelength of 880
nm, jumper wires, and a circuit breadboard for building the LED setups. We used a jumper wire to connect a
red-light LED to a resistor in series so that the power dissipated on the LED did not exceed the maximum. Then
we applied a voltage source to the circuit and placed the finger on the top of the LED so that the red light was
transmitted and could be viewed through the tissue. Finally, we recorded a video of the fingertip for 10 seconds,
read the video file in MATLAB, and selected a 10×10 region in pixels as the area of interest for calculation of the
average intensity of light in the chosen region.

2.2 Imaging Acquisition Device
2.2.1 Overview of Imaging Acquisition Device

The proposed device contains an imager with a central hole for camera measurement and a ring of holes
that LEDs can be inserted in. There are 12 LED inserting spots for six 940-nm NIR LEDs and six 624-nm red
LEDs. The LEDs are controlled from a circuit that connects to a Raspberry Pi to switch automatically and
generate lights with different wavelengths. The camera receives image information when the targeted tissue is
illuminated by the desired wavelength of light.

The mapping device was started with multi-pronged strategies as described in Figure 2. The initial
design was an imager with a central coherent optical fiber bundle. A camera was attached to the fiber bundle via
the camera holder that kept the camera at a desired distance of its focal length from the fiber bundle;
measurements through this optical fiber bundle were directly attached to the target tissue, which might lack
feasibility. An alternative approach was developed to have the Pi Camera be directly attached to the imager, as
shown in Figure 2 (B). The tilted angle of the LED pathway needed to be carefully calculated to get an effective
feedback to the camera using the angle model described in Section 2.2.2. Figure 2(C) shows another
modification of the design: instead of LEDs being inserted into the hole, optical fibers were used to deliver lights
to the tissue through a connector. Glass fibers were chosen to be the optical material due to its strength and
flexibility. A great advantage of this fiber was that it was able to deliver the light source from one terminal to
another coherently regardless of its bending.
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Figure 2. The three approaches for device design. (A) The SO2 mapping device with central coherent optical fiber bundle;
(B) SO2 mapping device without optical fiber; (C) The modification of SO2 mapping device with peripheral coherent optical
fibers.

The final design focused on the mapping device without optical fibers. A detailed design schematic is
described in Figure 3. The imager was modeled using Solidworks and 3D-printed using Creality Ender 3 V2.
The model is then assembled with LEDs and camera. The camera used in this prototype was Raspberry Pi
Camera Module v2, with 8MP Sony IMX219 image sensor, which was able to detect infrared light. The depth of
field was adjusted by a 3D printed tool to reach a focal length of 24 mm28. The camera was connected to the
Raspberry Pi via the camera port and sample tests were carried out to ensure the functionality of the device. A
Graphical User Interface(GUI) was developed on the Raspberry Pi using PythonTkinter to control the camera
and LEDs. After the button “Start Recording” was clicked, the device would capture an image of the target tissue
with no illumination. Then the six red lights would be turned on and a sequence of 300 images with 60 frames
per second would be quickly captured through the video port of the camera. The red lights stopped after
collection, and then NIR lights illuminated the area with the same number of images being captured and stored
into a different folder. The captured images were analyzed both directly through the Raspberry Pi and through
MATLAB, given that the mapping process would take a rather long time in Raspberry Pi . As a result, a SO2
mapping would be produced as the output.

The device was first designed and tested using a breadboard, and then assembled into a container. The
imager sat on the bottom level, with the spacer extruded to keep focal length, Raspberry Pi sat on the next level,
battery and control circuits sat on the top level.

Figure 3. The final design. (A) The button with red light at the top is used to control the on/off of Raspberry Pi and the
rotary knobs are used to adjust red and NIR light intensity (B)The bottom view of the design, a spacer is extruded out to
keep focal distance. (C) The device under use. (D) The schematic plot of the device.

2.2.2 Angle Model
To ensure that the reflected specular light interference would have no effect on the final image, the

angles of the inserted LEDs needed to be calculated. The aim was to capture light that interacts with the target
tissue. However, if the LED angle were not directed as shown in Figure 4 (B), the reflected specular light
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interference would have entered the camera, causing the image intensity to saturate and hence leads to
inaccuracy in image measurement.

The goal of the mapping device was to guarantee that only the diffused light can be captured by the
camera. The ideal case is illustrated in Figure 4 (C). A geometric model was built accordingly using Geogebra
to find appropriate . with three parameters, indicating the angle range, as shown in figure(2).

Figure 4 - The angle model. (A) The incoming LED light path. (B) Case of which the reflected lights directly enter the
camera. (C) Case of which the reflected lights avoid the direct entry of the camera. (D) The Geometric model built in
GeoGebra. The three key parameter are: (1) AC: Camera Focal Length. (2)∠CAB: tilted angle. (3) A3’K’: distance from
camera hole.

2.2.3 Circuit Design
The circuit design aims to allow users to control the on and off of

light with different wavelengths independently using GPIO output, and
tune the brightness of LEDs. The idea of the circuit design adopts
metal-oxide semiconductor field-effect transistors (MOSFET). According
to Figure 5, an external 9V power source gives supply voltage to the
whole circuit, and LEDs with the same wavelengths are connected
parallelly. A potentiometer is also connected in series with other
components to adjust the total resistance of the circuit, which in turn
varies the brightness of LED. An N-channel transistor is connected to
both the main circuit and the GPIO output from Raspberry Pi, where it
acts like a switch that determines whether the circuit is open or closed.
Finally, the GPIO pin in conjunction with the transistor acts as a signaling
input that triggers the switch.

Figure 5. MOSFET circuit design.
2.2.4 GUI

A GUI is developed using python on the
Raspberry Pi. It consists of several functions: (1) Image
preview: Once the GUI is executed, it displays the
preview of the camera imaging area (2) Start
recording: After clicking the start recording button, the
program will start, LEDs are switched on and off and
image sequence will be recorded. (3) LED control: The
red LEDs and NIR LEDs can be turned on for testing
purposes. (4) Save data: The data can be saved into a
separate folder (5) Analyze: After clicking the plot
signal button the signal can be plotted, after clicking the
mapping button the SO2 mapping will be produced. (6)
Camera control: The sliders can control the properties
of the cameras including the exposure time and
intensity level. The intensity level is controlled using
pulse width modulation (PWM), that user can input
specific intensity level.
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2.3 Computational Method
The approach of data collection is reflection, and

two wavelengths of light are used, which are 624 nm for
the red lights and 940 nm for the NIR lights. The image
sequence is captured rapidly for 5 seconds in a completely
dark environment by a Pi Camera attached to a Raspberry
Pi with the sample, which is the skin, to be stationary. The
total number of images for each sequence is 300. Two
sets of image sequences are captured, each of which is
for each wavelength and has 5 seconds. After data
collection, the image data is then taken to Python for
generation of SO2 mapping. The starting region for
analysis is the upper left corner consisting of 10×10 in
pixels. The algorithm first reads each image sequence,
analyzes the light intensity of the data, and outputs a
corresponding plot. This plot is used to validate the
algorithm via the observation of which the pattern
resembles the heart rate pattern. The light intensity data
can be further used for the calculation of SO2 in the
selected region.The red and the NIR data are in parallel via the alignment of the first local minima. For the
calculation of SO2 using light intensity, we use the equation

where AC and DC are presented in Figure 66. The subscripts 1 and 2 refer to the red light and the NIR light in
each pair, respectively. The constant α is a simple calibration factor that adjusts the difference between the
device and the actual SaO2 using a pulse oximeter. With the obtained R value, the equation

is implemented to calculate the SO2 of the selected region. In the equation, εO and εD are the molar extinction
coefficients of oxyhemoglobin and deoxyhemoglobin, respectively, at a specific wavelength indicated as the
number in the subscript, which are all given6. Finally, in order to obtain the
SO2 mapping of the entire region of interest, the algorithm loops through
every 10×10-pixel area via those processes. An alternate algorithm was
additionally designed in MATLAB for verification of the mapping through the
same processes.

2.4 Optical Phantoms
For the validation of the designed device, two liquid phantoms,

simulating two different levels of SaO2,were developed to check if our
device would be able to successfully detect the difference between them.
Phantoms were created based on the compounds shown in Table 1. The
base of the phantoms was designed to mimic the properties of the
superficial tissue, which was validated by checking if it has approximately
identical spectrum with the one from the human finger, via the BMO Gen-4
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spectrometer. Figure 7 presents the final products of the phantoms, whose difference in concentrations would
be used to test if our designed device were able to differentiate.

Table 1. Chemical composition of the phantoms.

Base of the phantoms Phantom mimicking the tissue
with the normal level of SaO2

Phantom mimicking the tissue
with less SaO2

0.5 g TiO2, 666 mL water 30 mL of the base, 300 μL red dye 30 mL of the base, 300 μL red
dye, 150 μL green dye

2.5 Noise Measurement
A noise measurement was made to determine the noise level of our signal. Background noise and dark noise
were measured. The background noise was measured with the camera facing on a piece of black fabric, so that
minimum amount of light is reflected back, while the dark noise was measured with the camera facing the air
with no light reflection. The Signal to Noise Ratio(SNR) is calculated using signal and background noise using
equation (3), where is the mean-square root of the signal.𝐴

3.0 Results
3.1 Noise Measurement
In order to calculate the noise, 3 test runs were performed for each type of noise. Since cameras have different
sensitivity to each type of noise, both NIR and RED were tested. The background noise of the Red light is
5.33% to the entire signal range and the NIR light has 7.24%, respectively. The result is shown in Table 2. The
SNR of the Red light and NIR light was also calculated correspondly using equation (3). The SNR of the NIR
signal is 24.6 dB, the SNR of the Red signal is 26.9 dB.

Table 2. Measurements of noise.

3.2 Phantom Validation
With the phantom designed, images were taken with our designed device. The mean intensity of the phantom
was recorded in Table 3, with red and have a higher intensity in the oxygenated phantom and NIR have a
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higher intensity at deoxygenated phantom.

Figure 9. Images of the phantom taken by the mapping device. (A) Image of the oxygenated phantom under 624nm red
LED light. (B) Image of the oxygenated phantom under 940nm red LED light. (C) Image of the deoxygenated phantom
under 624nm red LED light. (D) Image of the deoxygenated phantom under 624nm red LED light.

Table 3. Mean intensity of the phantom.

3.3 Computational Results
The designed algorithm in MATLAB first read two sets of image sequence data, whose first images are

presented in Figure 9, and then produced a light intensity plot for each wavelength of light, as shown in Figure
10. The original plots appeared to consist of too much noise, which led to the application of a low pass filter
with a cutoff frequency of 2 Hz that removed the noise and further resulted in cleaner signals. The plots in
Figure 10 both exhibit sinusoidal waves that resemble the signal of heart rate with a consistent frequency of
approximately 72 Hz, or 72 heart beats per minute (bpm). With the acquired local maxima and local minima

Figure 10. Light intensity plots of the upper left corner of the captured image. (A) Wavelength: 624 nm (B) Wavelength:
940 nm. (C) Mapping result produced by MATLAB. The purple dots refer to the local minima, and the red dots refer to the
local minima for plots (A) and (B).

from plots (A) and (B) in Figure 10, the algorithm proceeded to Equations (1) and (2) for every area to generate
the SaO2 mapping of the entire captured region. As a result, as presented in Figure 10 (C), the SaO2 values
range from 93% to 100%.
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Figure 11. Mapping results produced by Python. The dimension of the captured image is 300×300 in pixels. (A) The raw
picture under natural white light. (B) The raw picture with 940-nm NIR lights. (C) The raw picture with 624-nm red lights.
The red uses a wavelength of 624 nm, and the NIR uses a wavelength of 940 nm. The purple dots refer to the local
minima, and the red dots refer to the local minima for each plot. (D) The final mapping result.

The algorithm in Python also proceeded the same process as above but with a different set of image
sequences, which produced Figure 11 (D), presenting a SaO2 range from 95% to 100%.

4.0 Discussion
The results in section 3.1 show that both the error level of the background noise and the dark noise is

within acceptable limits (<10%). This proves that our captured image intensity was moderately interfered by
these types of noises. By applying a low-pass filter with 2Hz cutoff frequency, noises can be reduced and the
filtered data is able to provide reasonable results.

Based on Table 3, the mean intensity of the images of phantoms captured under our device proves the
proposed theory and validify our device. When the phantoms are exposed to red light with 624 nm, the phantom
that mimics tissue with normal oxygenation has a greater intensity than the one that mimics tissue with lower
oxygenation. Vice versa when the phantoms are exposed to NIR light with 940 nm, the phantom that mimics
tissue with lower oxygenation has a greater intensity than the one that mimics tissue with higher oxygenation.
The generated results are coherent with the theoretical expectation based on the absorption spectra of
hemoglobin.

By viewing the intensity plots shown in Figure 10, both the red and the NIR light intensity signals exhibit
sinusoidal heart rate patterns with a uniform frequency of approximately 72 Hz, which means that the captured
signals corresponds to pulsive fluctuations, and our filtered data are qualified for further calculations in oxygen
saturation. In Figure 11, the image sequences processed by Python result in SaO2 values ranging from 95% to
100%, which matches the normal level of SaO2 in the scholarly work of Peterson27, while those processed by
MATLAB result in slightly lower values and a wider range of SaO2, as presented in Figure 10 (C), indicating a
potential limitation of our designed device.

Despite the positive results obtained by our device, limitations still exist in our design, and further
experiments need to be done. First, one possible reason that Figure 10 (C) could have occurred was the height
difference caused by the situation that the device did not sit on a completely flat skin surface. For the future
development of the device, an additional algorithm can be developed to allow the compensation for the issue
caused by flatness. Also, the oxygen saturation equation we used in the algorithm was only calibrated with a
simple calibration factor α, indicated in Equation (3), while a more complicated system may be employed to
further calibrate the device. For instance, to account for the scattering of light, an additional light scattering
constant can be included in Equation (3) to improve the result accuracy. In addition, the algorithm is unable to
achieve real-time image visualization due to the delay of the calculation speed. To account for this issue, we can
optimize the algorithm in the future or involve parallel processing. Another way to increase the processing speed
is to reduce the resolution. The resolution was reduced from 720p to 300x300 pixel in order for better
performance. However, lower resolution images result in even lower resolution of the mapping result.
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Another issue of our designed device is that it prefers to work in a dark room. Any external light
interference can potentially increase the noise level and reduce the accuracy of the result. The outside box
provides cover for the device, and can reduce the incident light on some level. However, it cannot completely
eliminate the outside light and can reflect additional light from its bottom layer. The device can also be further
improved by a better user experience. We have considered multiple features to provide such experience and
functions of the device, including GUI, user friendly rotary snobs for light intensity adjustment, etc., but there are
some other ways to improve the device design. Currently, the device still needs to connect to an external
screen; in the future, a touchable screen can be installed on the device to provide an easier control. What’s
more, the current pi camera cannot get high quality images and has rather high noise, it even produces
occasional flickering that affects the final result. A camera with better quality can be used to gather better data
for the analysis.

Overall, although the limitations and additional improvements are needed to be considered and
implemented, the designed device, along with the current algorithms, succeeds in generating SaO2 mapping
and is prepared for the next stage for future commercialization into clinical and laboratory usage.
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