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ABSTRACT  

Computer simulations have played an important role in the design and evaluation of imaging sensors with applications in 
remote sensing [1] and consumer photography [2-7].  In this paper, we provide an example of computer simulations used 
to guide the design of imaging sensors for a biomedical application: We consider how sensor design, illumination, 
measurement geometry, and skin type influence the ability to detect blood oxygen saturation from non-invasive 
measurements of skin reflectance.  The methodology we describe in this paper can be used to design, simulate and 
evaluate the design of other biomedical imaging systems.  
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1. INTRODUCTION  

As consumer photography matures, more and more engineers are turning their attention to designing biomedical imaging 
devices.  Recently, researchers have invented attachments that transform cell phone cameras into microscopes [8, 9] and 
optometers [10].  In addition, there are numerous studies demonstrating that non-invasive hyperspectral imaging of 
diffuse skin reflectance can be used to date bruises[11], diagnose skin diseases [12],  monitor wound healing [13] and, in 
general, characterize tissue perfusion [14-17].  These two types of imaging systems, the inexpensive and ubiquitous 
RGB imaging sensor and the more expensive hyperspectral and multispectral imagers, bound the range of commercially 
available spectrophotometric devices that are available today. 

Recent advances in sensor technology [18, 19] give engineers many new sensor design options.  Simulation enables the 
engineer to design and evaluate systems that take advantage of these new technologies even before they become more 
economically viable.  To illustrate the power of system simulation in the design and optimization of new imaging 
devices, we use the Image Systems Evaluation Toolbox (ISET) [2, 3] to explore and evaluate the design of an imaging 
oximeter. 

2. OXIMETRY  

2.1 Conventional oximeters  

Oximeters are pervasive in hospital settings where they are used in a wide variety of applications ranging from 
monitoring the amount of blood oxygenation during artificial respiration in surgery to weaning patients from ventilators.  
They are used to monitor the health of a mother and her fetus during childbirth and to determine neonatal care after birth. 
They are used to assess the viability of tissue transplants and the progress in wound healing.  Oximeters are also used in 
a variety of non-medical applications such as monitoring pilots at high altitudes and athletes during exercise.   

The design of oximeters takes advantage of the fact that oxygenated and deoxygenated blood absorbs light in different 
wavelengths[20]. Since oxy-hemoglobin and deoxy-hemoglobin have different spectrophotometric signatures [21, 22], it 
is possible to quantify the ratio of oxygenated to deoxygenated blood (referred to as blood oxygen saturation or SO2) by 
the ratio of the amount of light absorbed at the different wavelengths.  
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Pulse oximeters compare the amount of light absorbed at two wavelengths during the peak of the arterial pulse.  The 
reflected and transmitted light in one waveband, referred to as the isosbestic wavelength, does not change when 
hemoglobin molecules bind with oxygen.  The reflected and transmitted light in the other non-isosbestic waveband does 
change when hemoglobin is oxygenated or deoxygenated. Oximeters calculate the ratio of light absorbed by the non-
isosbestic wavelength to that of the isosbestic wavelength. This ratio is invariant over a small range of skin types and 
measurement geometries.  

Most pulse oximeters are transmissive devices that shine light in narrow bands (typically generated by light emitting 
diodes, LEDs) from one side of a finger and measure the amount of light that is received (and not absorbed) by a sensor 
(typically a photodiode) placed at the other side of the finger. Reflective pulse oximeters can project light on any region 
of the patient’s body and measure the amount of light that is reflected back and thus not absorbed in the body.   

The oximeter signal-to-noise ratio (SNR) is determined by the power spectra of the LEDs, particularly the peak and 
width of the spectral power. It is important to use narrowband lights that discriminate between the oxy-hemoglobin and 
deoxy-hemoglobin spectral signatures.  However the more narrow the bandwidth, the lower the SNR of the imaging 
device.  SNR is further reduced when other materials in skin tissue layers, such as melanin, water, fat and lipids, absorb 
or scatter light.  

2.2 Imaging oximeters 

Pulse oximeters use photodiodes rather than CMOS or CCD spatial arrays.  While all of these sensors are based on 
silicon, photodiodes have higher quantum efficiency in the near-infrared (NIR) regions.  The two spectral channels in a 
pulse oximeter are created with LED lights.  The design of oximeters has thus been limited by the spectral power of 
commercially available LED lights. Typically, oximeters use an LED with peak sensitivity at 940 nm and a half-
amplitude bandwidth of 50 nm as the isosbestic channel and an LED with peak sensitivity at 660 nm and a half-
amplitude bandwidth of 20 nm as the non-isosbestic channel.  

More recently, there has been growing interest in designing imaging oximeters that provide a spatial image of the 
distribution of oxygenated hemoglobin.  Researchers have used RGB [23], multispectral [24] , and hyperspectral 
imaging systems [13, 14, 25] to visualize the hemodynamics of subsurface skin tissues. Engineers have many options for 
designing imaging oximeters.  They can use a monochrome sensor array with sequentially flashing LED lights [26] or 
they can use a single broadband illuminant with multiple spectral filters [27].  They can use spectrally tunable imaging 
sensors [15, 16] and/or a combination of different illuminants and imaging sensors. Whether spectral imagers are created 
by varying illumination or the spectral transmissivity of color filters, one wonders how many spectral channels are 
necessary.  The answer to this question will depend on the spectral power of the illumination, the spectral transmissivity 
of filters between the illuminated object and the sensor, and the spectral sensitivity of the sensor array.     

In this paper we use image systems simulation technology to evaluate the design choices and tradeoffs by quantifying 
the performance of two-channel imaging oximeters.  We vary the peak wavelength sensitivity and waveband of two 
spectral channels and analyze their performance in predicting blood oxygenation levels.  

3. IMAGE SYSTEMS SIMULATION  

The ISET [2, 3] simulations include representations of the scenes, optics, sensors, and image processing. 

3.1 Scene  

The reflectance spectroscopy of human skin in the visible range of wavelengths is primarily determined by the light 
absorbed by chromophores in the epidermis (melanin) and dermis (hemoglobin) and by the light scattered by cells and 
collagen fibers in these two layers of skin.  In fact, light reflected in wavelengths ranging between 480 nm and 700 nm 
can be predicted by  

 ܴሺߣሻ ൌ 10ିൣ൫௪భൈு௕ைሺఒሻ൯ ା ൫௪మൈு௕ሺఒሻ൯ା ൫௪యൈெሺఒሻ൯ା௄൧ (1) 

where ܱܾܪሺߣሻ, ܾܪሺߣሻ, and ܯሺߣሻ are spectral functions (Figure 1) describing the absorbance coefficients for oxy-
hemoglobin, deoxy-hemoglobin, and melanin, respectively; ݓଵ ଶݓ , , and ݓଷ  are weights representing the relative 
saturations of these chromophores; and ܭ is a factor representing the effects of light scatter [13]. We validate this 
characterization of skin by fitting experimentally measured skin reflectances from 70 individuals to the model ܴሺߣሻ to 



 
 

 

 

obtain the weights ݓଵ, ݓଶ, and ݓଷ estimated for each measured reflectance. The estimated reflectances generated by 
these weights are then compared to the experimentally measured reflectances. From Figure 2, we see that the estimated 
reflectances are highly correlated (ݎ ൌ 0.9982) with the 70 skin reflectances that were measured between 480 and 700 
nm. 

Oxygen saturation (SO2) is estimated by the ratio of the amount of oxy-hemoglobin to the total amount of hemoglobin 
ଵݓଵ/ሺݓ) ൅	ݓଶ	ሻ). We expect this ratio to be constant for all healthy individuals; however the estimates for SO2 ranged 
between 0.4 and 0.8.  The variance in the estimates can be explained by the observation that the weights for oxy-
hemoglobin (ݓଵሻ	and melanin (ݓଷሻ	are negatively correlated (ݎ ൌ െ0.8311).  Individuals with darker skin have higher 
values for 	ݓଷ, as would be expected.  The negative correlation between ݓଵ	and	ݓଷ is also expected. Melanin resides in 
the superficial layers of skin. Thus, when more light is absorbed by melanin, less light reaches the deeper layers of the 
skin where it can be absorbed by hemoglobin. This is the reason why oximeters are less accurate for individuals with 
dark skin[28, 29].  

When we only consider individuals with ݓଷ 	൏ 	0.6, the mean oxygen saturation across individuals is 0.5301.  This value 
is lower than one would measure using a conventional pulse oximeter.  However, pulse oximeters calculate blood 
oxygen saturation at the peak signal strength of the arterial pulse.  The skin reflectance measurements were averaged 
over time and represent the oxygen in subcutaneous arteries and veins.  Our estimates are within the range of other 
reported studies that estimate blood oxygen saturation from time-averaged hyperspectral images of skin [11]. 

The predictions of the linear skin model are consistent with our measurements of skin reflectances within the 480 nm to 
700 nm window of interest (see Figure 2), but the correlation between estimated and measured reflectance decreases as 
we introduce wavelengths longer than 700 nm where water and lipid absorb relatively more light. For our purposes, the 
failure of the linear skin absorbance model at these longer wavelengths does not influence the results of our simulations 
because the spectral sensitivity of CMOS imagers decreases rapidly beyond 700 nm. Nonetheless, we restrict our 
analysis to skin reflectances within the range of 480 nm to 700 nm.  

 

                            Figure 1: Spectral absorbance function                                        Figure 2: Measured versus modeled reflectance  

With (1) as the skin model, we vary the amount of oxy-hemoglobin (ݓଵ), deoxy-hemoglobin (ݓଶ), melanin (ݓଷ) and 
scatter (ܭ) to simulate different skin reflectances for our experiment.  Because oximeters rely on the assumption that 
blood volume is constant, we set ݓଶ 	ൌ 	1 െ ଵݓଵ/ሺݓ ଵ. Since blood oxygen saturation, SO2, is quantified byݓ 	൅	ݓଶሻ	 
and ݓଵ ൅ ଶݓ ൌ 1, we can use ݓଵ to quantify the level of SO2. Figure 3 and 4 show skin reflectances that have different 
levels of SO2, melanin, and scatter.  Notice that for any combination of SO2, melanin, and scatter levels, the reflectances 
at different oxy/deoxy ratios remain equal at several isosbestic wavelengths.  Thus, there are several candidate 
wavelengths (500 nm, 528 nm, 548 nm, and 570 nm) for the isosbestic sensor channel.  Similarly, wavelengths showing 
variation in reflectance (560 nm and 580 nm) serve as good candidates for the non-isosbestic sensor channel.  
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Figure 3: Varying SO2 at three melanin levels and 
constant scatter. Isosbestic wavelengths are 
demarcated with dashed vertical lines.  

Figure 4: Varying SO2 at three scatter levels and 
constant melanin. Isosbestic wavelengths are 
demarcated with dashed vertical lines. 

3.2 Optics 

We create an optical image of the scene subtended on the sensor using diffraction limited optics with f/# of 4.0 and focal 
length of 3.86 mm.  

3.3 Sensors  

A pulse oximeter uses a single photodiode rather than CMOS or CCD spatial arrays.   The two spectral channels in a 
pulse oximeter are created with LED lights. The design of pulse oximeters has thus been limited by the quantum 
efficiency of the photodiode and the spectral power of commercially available LED lights. 

We model an imaging oximeter that has peak sensitivities at the isosbestic and non-isosbestic wavelength, respectively. 
Sensor channels are modeled as Gaussian functions of wavelength that differ in peak sensitivity and bandwidth. In the 
simulations we report here, the bandwidths of the spectral channels vary between 5 nm and 15 nm, with pixel size of 2.8 
microns and sensor noise limited to photon noise. (We will consider the effect of pixel size and different sources of 
sensor noise in future simulations.) We keep the peak wavelength sensitivity of one channel fixed (referred to as the 
reference channel) while varying the peak wavelength of the second channel (referred to as the test channel).  We used 
ISET simulations to predict the output (volts) of the reference and test channels for skin reflectance stimuli with different 
SO2 levels.  We calculate the correlation between the ratios of responses of the two spectral channels and the SO2 levels. 

Unlike pulse oximeters that have a single pixel photodiode, we use a CMOS imaging array3.  We refer to our sensor as 
an imaging oximeter because it has the potential to measure the spatial distribution of blood oxygenation.  In this paper, 
we evaluate the effects of the peak sensitivity and bandwidth of a two-channel imaging oximeter and discuss the 
implications of our results for sensor design.  

3.4 Processing 

We estimate oxygen saturation by the ratio of the responses of isosbestic and non-isosbestic channels. In a separate 
paper, we will compare this approach with more general linear methods for estimating oxygen saturation from the 
response of two or more spectral channels.  

4. ANALYSIS AND RESULTS 

Computer simulations make it possible to explore a very large design space for imaging systems.  We constrained our 
search of the design space in the following way:  We simulated the performance of a two-channel imaging oximeter by 
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keeping the peak sensitivity of one channel constant (centered on an isosbestic wavelength and referred to hereafter as 
the reference channel) while varying the peak sensitivity of the second channel (hereafter referred to as the test channel). 
In our initial simulations, we set the melanin and scatter coefficients to be low (0.2 and 0.1, respectively) in order to 
focus on the spectral properties of the reference and test channels.  Figure 5 shows the squared correlation coefficient (r2)  
between the ratio of sensor responses and SO2  expressed as the percentage of the variance explained, r2 * 100 ) plotted as 
a function of the peak sensitivity of the test channel.  In this example, the reference channel had peak sensitivity at 500 
nm (an isosbestic wavelength). Obviously, when the test wavelength is equal to the reference wavelength, it is not 
possible to predict the SO2 levels.    

Figure 5 summarizes the results of a simulation in which we found that the best peak sensitivity for the reference and test 
channels is 500 and 560 nm, respectively. This result should not be surprising since Figures 3 and 4 show that the largest 
variation in skin reflectance with oxygen saturation (SO2) occurs around 560 nm and the isosbestic wavelength that is 
farthest from 560 nm is 500 nm. We should therefore expect that a reference (isosbestic) channel centered at 500 nm and 
a test channel (non-isosbestic) with peak sensitivity at 560 nm would be good candidate wavelengths for a two-channel 
imaging oximeter.   

 

 

Figure 5: Correlation between the ratio of sensor responses and SO2, 
expressed as the percentage of the variance in SO2  (r

2 * 100),  
plotted as a function of the peak wavelength sensitivity of the test 
channel, with bandwidth as the parameter.  

Figure 6: Effect of increasing melanin concentration on 
correlation between the ratio of sensor responses and SO2 , 
expressed as the percentage of the variance in SO2   

(r2 * 100). 

 

  

Figure 5 also shows that the correlation between the ratio of sensor responses and SO2 decreases with increasing 
bandwidth. This result is also to be expected since the wider the bandwidth the more likely the reference channel and the 
test channel will integrate parts of the reflectance signal that increase with SO2, with parts of the signal that decrease with 
SO2.  

Figure 6 shows that the correlation between the ratio of sensor responses and SO2 decreases with increasing 
concentrations of melanin.  This result is consistent with the observation that it is difficult to estimate SO2 in skin that has 
high concentrations of melanin.    

5. DISCUSSION AND SUMMARY 

The purpose of this paper is to illustrate how computer simulations can be used to guide the design of imaging sensors 
for biomedical applications, such as measuring the percentage of oxygenated blood. The simulations make it possible to 
vary the illuminant, optics, and sensor in order to obtain the configuration most optimized for measuring oxygen 
saturation. 



 
 

 

 

We used a weighted combination of absorbance functions for oxy-hemoglobin, deoxy-hemoglobin, melanin, and light 
scatter to generate skin reflectances.  We show that the linear model for skin components can predict measurements of 
skin reflectances between 480 and 700 nm   After validating the model over this range of wavelengths, we used the 
model to simulate skin reflectances with varying amounts of oxygen saturation.   

Skin reflectances generated with different levels of SO2 were used as input to an ISET simulation of a two-channel 
imaging oximeter.  The ISET simulations allowed us to evaluate the effectiveness of different combinations of two 
channels with different spectral sensitivities in predicting the SO2 levels.  We found that the best predictions were 
obtained when the spectral sensitivities of the two channels were narrowband (~5 nm) with peak sensitivities centered at 
500 and 560 nm, respectively.  Increasing melanin concentration reduced the ability of the imaging oximeters to predict 
SO2 levels.   

Our analysis is limited by the restricted range of wavelengths (480 – 700 nm) over which a simple linear model of skin 
absorbances can predict skin reflectances.  At longer wavelengths, we know that the signal reaching the photodetector 
array is much smaller due to the fact that light is absorbed by water and lipids in the longer wavelengths. Furthermore, 
silicon photodetector arrays are much less sensitive to light in wavelengths greater than 700 nm.  On the other hand, light 
in longer wavelengths can penetrate tissue to greater depths where arteries lie.  And, as we noted earlier, most pulse 
oximeters use an LED with peak sensitivity at 940 nm and a half-amplitude bandwidth of 50 nm as the isosbestic 
channel and an LED with peak sensitivity at 660 nm and a half-amplitude bandwidth of 20 nm as the non-isosbestic 
channel. In the future, we plan to use empirical measurements of oxygen-deprived tissue to evaluate the design tradeoffs 
of imaging oximeters that use spectral channels that have peak sensitivities in the longer wavelengths and wider 
bandwidth.  

Another future direction for this research is to determine whether existing imaging devices, such as RGB digital cameras 
and multispectral imaging systems, can be used to predict SO2 levels.  We will also consider whether it is possible to use 
transverse field detectors [15, 16] to tune the spectral sensitivity of two or more channels in order to predict SO2 levels. 
To answer these questions, we are simulating imaging devices with more than two spectral channels and using linear 
combinations of the channel responses to predict SO2 levels.  The methodology we describe in this paper serves as an 
important foundation for this ongoing research.  
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