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Abstract—We develop models and fusion rules for oximeters
that detect the onset of hypoxia. Hypoxia is a medical condition
affecting portions of the body that are deprived of oxygen
supply. Prolonged exposure to cerebral oxygen deficiency can
lead to unconsciousness or even death. The onset of hypoxia in
humans is of concern for those operating in high altitudes, and
in military flights characterized by high-acceleration maneuvers.
Using oximeters for measuring blood oxygen saturation levels is
a common means to detect hypoxia in real time. Many types
of oximeters can be used for this task but all are prone to
complicated noise characteristics and bias inaccuracies. It may
therefore be advisable to collect and combine data streams
from multiple oximeters for more reliable Hypoxia/No Hypoxia
decisions (compared to decisions made by a single oximeter).
Here we develop statistical noise models for three popular types
of oximeters (Respironics Novametrix 515B, Nonin forehead pulse
oximeter 9847, and Masimo Rad-87). We also combine data
streams from these oximeters using a Kalman filter. The result is
a smooth and reliable estimate of blood oxygen saturation level
which can be used to detect the onset of Hypoxia.
Keywords: Hypoxia Monitoring, Sensor Fusion, Kalman
Filter, Colored Noise, Pulse Oximeters.

I. INTRODUCTION

Hypoxia is diminished availability of oxygen to the cells
of the body [1]. It can occur due to inadequate oxygenation
of the lungs for extrinsic reasons, deficiency of oxygen in
atmosphere, venous-to-arterial shunts (intrapulmonary or intra
cardiac), inadequate transport and delivery of oxygen, or
inadequate tissue oxygenation or oxygen use. Exposure to
severe hypoxia can lead to death of cells and depressed mental
activity. Sometimes it culminates in coma and reduced work
capacity of the muscles. Hypoxia occurs most commonly in
people traveling to high altitude, performing strenuous exercise
or work for prolonged periods of time at high altitudes.
Another population at risk is combatants such as fighter pilots
who undertake high G maneuvers.

Measuring the blood oxygen saturation (SpO2) is the most
common and easiest way to instrumentally determine the
presence of hypoxia. A healthy human has on average a SpO2
value of 95-100%. SpO2 values below 90% are considered
low, and are taken as a possible indication of onset of hypoxia.
The most common non-invasive device used to measure blood
oxygen saturation levels is the pulse oximeter. The device uses

a photo detector to measure the difference in the extinction
curves of hemoglobin and oxygenated hemoglobin using light
of different wavelengths [2], [3]. The common types of oxime-
ters are applied either on the finger or on the forehead of the
subject being monitored.

Hypoxia monitoring has been reported in several previous
studies. A hypoxia detection and warning system was patented
as a Aviation Hypoxia Monitor [4], which has a single pulse
oximeter attached to the ear and provides a visual and audio
signal if the blood level of a subject decreases significantly.
The Hypoxia Detection and Warning System in [5] is com-
posed of an electrochemical oxygen sensor located within the
breathing mask of a pilot. It provides a vibratory warning
within the mask when partial pressure of oxygen in the system
falls below a set point. In [6], a personal hypoxia monitoring
system is proposed which uses the cross-correlation between
heart rate, respiratory rate, blood flow velocity and blood
oxygen saturation levels to identify the onset of hypoxia.

Even though pulse oximeters are very popular in oper-
ating rooms, emergency medical aids, and ambulatory use
by heart and respiratory-system patients, oximeters are prone
to inaccuracies due to several sources, most notably light
scattering inside blood tissues. They are also affected by noise
artifacts due to motion, ambient light interference, respiratory
maneuvers, and pooling of blood at the point of measurement
due to body orientation. In situations where fast and reliable
hypoxia detection is required, a single pulse oximeter may not
be sufficient, and it may be advantageous to use a combination
of several such devices.

In a study conducted at the Naval Air Warfare Center
Aircraft Division (NAWCAD) [7], three oximeters from dif-
ferent manufacturers were used simultaneously. These were
Respironics Novametrix 515B (transmittance type on finger),
and two reflectance type oximeters - Nonin pulse oximeter
9847 and Masimo Rad-87 (used on the forehead). The current
study describes an attempt to fuse their observations using
Kalman filtering so as to obtain a smoother and more reliable
estimate of the blood oxygen saturation level than what one
can get from a stand-alone single oximeter. The algorithm
we propose can be executed in real time and has moderate
computational requirements (computations can be carried out



using wearable processors).
In section II, we review the data collection methodology

from the studied oximeters. Section III summarizes the perti-
nent theory defining the standard Kalman filter. We develop
the statistical models of the oximeter measurement noise and
also provide the associated state space representations required
in the Kalman filter formulation in section IV. The proposed
noise models and Kalman filter formulation are validated on
simulated data in section V. Observations from implemen-
tation of the filter on real data are provided in section VI.
Filtering results and future directions of research are discussed
in section VII.

II. DATA COLLECTION

We used raw pulse oximeter data from the Time of Useful
Consciousness study [7] carried out by NAWCAD, Patuxent
River, MD. The study used 45 datasets from 26 volunteers (4
females and 22 males) who provided their informed consent
under an approved NAWCAD IRB human research protocol.
The subjects were exposed to a varying altitude profile ranging
from 0 to 18,000 ft, simulated using a Reduced Oxygen
Breathing Device (ROBD) [8]. The profile ascended at 1,000
ft/s to 10,000 ft and remained unchanged for 10 minutes,
then ascended to 18,000 ft at the same rate and remained
there for 20 minutes, and then descended at the same rate
to ground level (0 ft). The volunteers spent up to 20 minutes
at the equivalent of maximum altitude of 18,000 ft, during
which time the data from a finger pulse oximeter (Respironics
Novametrix 515B), and two forehead pulse oximeters (Nonin
9847 and Masimo RAD-87) were recorded. Subjects were
exposed to one to three repetitions of the profiles.

III. BACKGROUND

A. Kalman Filter

We use the standard model of a discrete dynamic system as
a first order linear difference equation,

x(k) = F (k)x(k − 1) +B(k)u(k) +G(k)w(k), (1)

where x(k) ∈ Rn is the state of interest at time instant k,
u(k) ∈ Rr is a known control input and w(k) ∈ Rq is a
random vector referred to as the process noise. F ∈ Rn×n is
the system matrix relating past state to the state at time instant
k. B ∈ Rn×r defines the influence of control inputs on the
state at time k. The matrix G ∈ Rn×q relates the process noise
to the state at time k. The state observation model is defined
as

z(k) = H(k)x(k) + v(k), (2)

where z(k) ∈ Rm(m ≤ n) is the observation vector, H(k) ∈
Rm×n is the observation matrix at time instant k, and v(k) ∈
Rm is the measurement noise.

In this general setup, the optimal filtering problem is to
estimate the state x(k) at every time instant using only the
noisy observations z(k). When the estimator is assumed to be
linear in the state variables, the standard Kalman Filter (KF)
[9] is the best linear estimator in the mean squared error sense.

The KF assumes that the process and measurement noises are
uncorrelated, Gaussian and have zero mean, namely

E[w(k)] = E[v(k)] = 0, ∀k, (3)

with corresponding covariance

E[w(k)wT (l)] = Q(k)δkl, (4)
E[v(k)vT (l)] = R(k)δkl. (5)

Here δ() is Kronecker’s delta. The process and measurement
noises are also assumed to have no cross correlation, namely

E[w(k)vT (l)] = 0,∀k, l. (6)

When some of the assumptions on the measurement and
process noises are relaxed, the KF, though suboptimal, still
remains the best linear estimator. A number of variants of KF
were developed to deal with nonlinear systems (Extended KF,
Unscented KF), and correlated noise (e.g., State Augmenta-
tion approach, measurement differencing). See [10], [11] for
additional information about extensions of the KF.

The KF algorithm produces state estimates that minimize
the mean-squared estimation error conditioned on a given
observation sequence. The estimate of the state at a time k
given all the information up to and including time k will
be represented as x̂(k|k). The estimate of the state at time
k given only information up to time k − 1 is the one step
prediction and is denoted as x̂(k|k − 1). The corresponding
estimation error covariances are denoted respectively as
P (k|k) and P (k|k − 1). Starting with the initial estimates
x̂(0|0) and P (0|0), the KF estimation algorithm constitutes
the following Prediction and Measurement Update steps:

Prediction of state and variance at time k

x̂(k|k − 1) = F (k)x̂(k − 1|k − 1) +B(k)u(k) (7)
P (k|k − 1) = F (k)P (k − 1|k − 1)FT (k)

+G(k)Q(k)GT (k) (8)

The update of state estimate and variance at time k on the
basis of predicted state and variance from previous step and
the new observation z(k) is given by

x̂(k|k) = x̂(k|k − 1)

+K(k)[z(k)−H(k)x̂(k|k − 1)] (9)
P (k|k) = [I −K(k)H(k)]P (k|k − 1).

[I −K(k)H(k)]T +K(k)R(k)K(k)T ,(10)

where the Kalman gain K(k) is defined as

K(k) = P (k|k − 1)HT (k).

[H(k)P (k|k − 1)HT (k) +R(k)]−1. (11)

The quantity I(k) = [z(k) − H(k)x̂(k|k − 1)] is called the
innovation sequence. When the assumptions about process and
measurement noise statistical characteristics are satisfied, the
autocorrelation of the innovations sequence has an impulse at
zero lag (white noise).



Figure 1: Simulated Altitude profile and Oximeter readings.

IV. FUSION OF OXIMETER SIGNALS

Quick and reliable detection of the onset of hypoxia is
of paramount importance for efficient delivery of medical
assistance to hypoxia victims. The majority of the current
work on hypoxia detection has been focused on developing
better stand-alone oximeters for monitoring blood oxygen
saturation levels. Biological signals are generally noisy and are
subject to many unavoidable external factors such as motion
and temperature fluctuations. Therefore, most oximeters when
used independently in non-clinical dynamic settings tend to
suffer from inaccuracies. The objective of the current study
is to fuse several oximeter outputs in real time using an
appropriately designed KF to generate an estimate of the
blood oxygen saturation level which would be more accurate
and reliable for hypoxia detection than any of the individual
oximeter inputs. Figure 1 shows a sample of the collected

Figure 2: Oximeter Noise for a particular subject.

data obtained from a particular subject. The top figure is the

Figure 3: Oximeter Noise Autocorrelation.

emulated altitude profile and the bottom figure is the raw
observations (blood oxygen saturation levels in %) collected
from the three oximeters. The sampling rate of each oximeter
was 60 Hz. The noise samples in these measurements were
assumed to be high frequency and therefore extracted for each
oximeter by low pass filtering the raw signals and collecting
the residues. Figure 2 shows the extracted noise from the three
oximeters for a particular subject. These noise samples are
approximately zero mean but are temporally correlated. This
property can be observed better through the normalized noise
autocorrelations shown in Figure 3. Unlike uncorrelated noise
(which has an autocorrelation function with an impulse at zero
lag and negligible magnitude everywhere else), the oximeter
noise samples we observed have wider decaying oscillatory
autocorrelations. Moreover, the statistics of the noise seem to
change with time, which in our case correspond to the level
of blood oxygen saturation (in the bottom figure of Figure 1,
the oximeter readings tend to have higher variance when the
signal level goes below 90%).

A. Oximeter Noise Model

One of the challenges in developing a proper KF for the
the three oximeters is to incorporate the colored (temporally
correlated) measurement noise observed in the oximeter mea-
surement data in the KF’s formulation and design. Here, we
model the noise as the output of a second order Autoregressive
(AR) process driven by zero mean white Gaussian noise. The
decaying oscillations of the autocorrelation of the noise sam-
ples (see Figure 3) motivated our choice of the order of the AR
process (AR(2) process favors change in sign between terms
of the process and also exhibits oscillations). Furthermore, we
would use the state augmentation approach ([11], section 7.2)
to incorporate colored noise in the KF formulation. For a p-
order AR model for the colored measurement noise, using
state augmentation would result in the dimension of the system
increasing by p∗M , where M is the number of sensors being
fused. Therefore, higher order AR models would require KF



iterations over large matrices which are computationally costly
and may exhibit undesirable numerical instability. The need
to avoid the increase in dimension of system matrices when
higher order AR models are used was another motivation
to use an AR(2) model for the colored measurement noise.
Furthermore, simulations showed marginal or no improvement
in terms of least square error, when higher order AR models
(order higher than 2) were used. The AR(2) model for a
colored observation signal v(k) (measurement noise from an
oximeter) is

v(k) = a1v(k − 1) + a2v(k − 2) + e(k), (12)

where ai for i = 1, 2 are the AR parameters and e(k) ∼
N (0, σ2

e(k)) is zero mean Gaussian noise input to the AR
system. We denote the variance of the colored sequence v(k) at
time k by σ2

v(k). Multiple runs of data were recorded for each
subject for the same altitude profile during the data collection
phase. For each subject, data from a single run were used as
a training set to estimate model parameters.

The training set data were used to estimate the AR(2)
parameters a = [a1, a2]

T in (12) for each subject by a
least squares approach which can be represented through the
Normal equations ( [12], Chapter 8, page 225) as follows:

a = (ATA)−1AT b (13)

where

A =


v(2) v(1)

v(3) v(2)

. . .

v(n− 1) v(n− 2)

 (14)

and b = [v(3) v(4) · · · v(n)]T . This estimation scheme was
repeated for all the subjects in the data collection process,
therefore providing a parameter set associated with each
test subject. The process of parameter estimation helps in
computing subject dependent noise models but may not be
suitable for subjects outside the test set.

As observed before from Figure 1, the oximeter noise
standard deviations change (increase) as the observed readings
go below 90% blood oxygen saturation level. We denoted the
observation of an oximeter at time k by z(k), and predicted
the standard deviations of the measurement noise at every time
instant using a quadratic regression model

σpred(k) = β1 + β2d(k) + β3[d(k)]
2, (15)

where the predicted standard deviation σpred(k) at time instant
k, is a function of d(k) = z(k) − 90; the difference between
z(k) (noisy blood oxygen saturation level measured by an
oximeter at time k) and 90% saturation level. The parameters
β = [β1 β2 β3]

T are again estimated using the Normal
equations. The noise samples for each oximeter were retrieved
after low pass filtering the raw captured signal in the training
set and collecting the residue. The mean of the noise samples
were small enough and for simplicity sake were assumed to

be zero. These noise samples were used as observations in the
Normal equations (used to define the matrices A and b) - for
estimating the parameters β. Let us represent the upper and
lower bounds within which the measurement noise standard
deviation varies, by Smax and Smin, respectively. These
bounds can be estimated from the predicted standard deviation
σpred(k) (defined in (15)) as

Smax = max(σpred(k)),

Smin = min(σpred(k)).

The computed bounds were used to generate a first-order
model for the variation of measurement noise standard devia-
tion versus the difference between the raw observations z(k)
and 90% blood oxygen saturation level, as shown in Figure 4.

Figure 4: Oximeter Noise variation model.

At a time instant k, the standard deviation of the measurement
noise σv(k) can be estimated as

σv(k) =

[
Smax− Smin

−50

]
(z(k)− 90− 10) + Smin (16)

Next, let us denote the autocorrelation of the measurement
noise v(k) at lag j and at time instant k as Rk

vv(j). The
expressions for Rk

vv(j) at lags 1 and 2 can be derived as (see
[13], section 5.2 for details)

Rk
vv(1) =

[
a1

1− a2

]
σ2
v(k), and (17)

Rk
vv(2) = a1 ∗Rk

vv(1) + a2 ∗ σ2
v(k). (18)

The variance of the zero mean Gaussian noise sequence e(k)
in (12) can then be estimated using (17) and (18) as

σ2
e(k) = σ2

v(k)− a1Rk
vv(1)− a2Rk

vv(2) (19)

B. Kalman Filter formulation

We aim to develop a KF formulation to estimate the
blood oxygen saturation level by using data from 3 different
oximeters. We consider the blood oxygen saturation level (in





x(k)

v1(k)

v1(k − 1)

v2(k)

v2(k − 1)

v3(k)

v3(k − 1)


=



F 0 0 0 0 0 0

0 a11 a12 0 0 0 0

0 1 0 0 0 0 0

0 0 0 a21 a22 0 0

0 0 0 1 0 0 0

0 0 0 0 0 a31 a32

0 0 0 0 0 1 0





x(k − 1)

v1(k − 1)

v1(k − 2)

v2(k − 1)

v2(k − 2)

v3(k − 1)

v3(k − 2)


+



1 0 0 0 0 0 0

0 1 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 1 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 1 0

0 0 0 0 0 0 0





w(k)

e1(k)

0

e2(k)

0

e3(k)

0


(23)

%) as the scalar state x to be estimated and define its dynamics
with a first order system as

x(k) = Fx(k − 1) + w(k), (20)

where x(k) is the actual blood oxygen saturation level at time
instant k. The system matrix F is considered to be constant,
equal to 1. w(k) is the zero mean Gaussian process noise
with variance Q. In other words, we model the evolution of
the blood oxygen saturation level as a simple random walk.
Since there are three (3) oximeters providing readings simul-
taneously at every time instant k, the measurement equation
becomes

z(k) =

 z1(k)

z2(k)

z3(k)

 =

 1

1

1

x(k) +
 v1(k)

v2(k)

v3(k)

 (21)

where zi(k) and vi(k) are, respectively, the observation (noisy
blood oxygen saturation level) and the measurement noise
of the ith oximeter for i = 1, 2, 3. We assume that the
measurement noises are not correlated, i.e, E[vi(k)vj(l)] = 0
, ∀k, l and i, j = 1, 2, 3, i 6= j.

On the other hand, the measurement noise samples vi(k) are
temporally correlated (colored). Colored measurement noise
can be handled in multiple ways in the context of Kalman
filtering. Two of the most popular methods are the state aug-
mentation approach ( [11], section 7.2) and the measurement
differencing approach ( [14], section 11.2). Here we follow
the standard state augmentation approach. It augments the the
actual state vector x(k) in (20) with the colored noise samples
vi(k) which are the output of a linear system as defined in
(12).

The AR(2) model in (12) has the state space representation[
v(k)

v(k − 1)

]
=

[
a1 a2

1 0

][
v(k − 1)

v(k − 2)

]
+

[
e(k)

0

]
(22)

The representation in (22) is used for modeling the measure-
ment noises for all three (3) oximeters, but possibly with
different parameters a1 and a2 for each oximeter. The original
system in (20) is then augmented as shown in (23). In (23),
aij , i = 1, 2, 3 and j = 1, 2 are the AR parameters for the
ith oximeter estimated using (13). ei(k) is the input at time
instant k for the AR model of the ith oximeter measurement

noise (see (12)). The corresponding augmented measurement
equation becomes

z(k) =

 1 1 0 0 0 0 0

1 0 0 1 0 0 0

1 0 0 0 0 1 0





x(k)

v1(k)

v1(k − 1)

v2(k)

v2(k − 1)

v3(k)

v3(k − 1)


(24)

The augmented measurement equation in (24) no longer has
any direct measurement noise, and therefore the matrix R in
(10) and (11) is 0. This can lead to numerical instability in the
KF updating process. A diagonal matrix with a small trace can
be used for R in order to ensure stability and non-singularity
of the various matrices involved [15]. The standard KF, as
described by equations (7) - (11), can then be applied on the
augmented system to obtain the desired state estimate. The
covariance matrix for the augmented process noise vector at
time instant k represented as Qa(k) is given by

Qa(k) =



Q

σ2
e1(k)

0 0
σ2
e2(k)

0

0 σ2
e3(k)

0


(25)

where σ2
ei(k), i = 1, 2, 3 is the variance of the AR model input

noise process for the ith oximeter as computed from (19). To
make sure that the augmented covariance matrix is positive
definite, the zero diagonal elements of Qa(k) can be replaced
by a small positive number λ > 0. This modification does
not make appreciable difference to state dynamics since the
corresponding rows in the process noise coefficient matrix in
(23) are zero.

V. MODEL VALIDATION

Analysis of the oximeter observations collected from the
training set, showed that the measurement noise for each
oximeter is temporally correlated and the variance also varies



Figure 5: Performance of proposed Kalman filter model for simulated
data.

depending on whether the observation value is above or below
90% blood oxygen saturation level. This situation motivated us
to use a second order AR process to model the measurement
noise which was then incorporated into the KF using the state
augmentation approach. To test the validity of the assumed
noise models, synthetic blood oxygen saturation level data
were generated and corrupted with temporally correlated noise.
The standard deviation of the noise was made to vary as a first
order function of the difference between the true data and 90%.

Observations for three sensors were simulated with colored
measurement noise. Figure 5 shows the performance of the
state augmented Kalman filter model when applied on the
simulated data. The top figure shows the true signal (simulated
blood oxygen saturation level), the noisy observations from
the three (3) oximeters (true signal corrupted by temporally
correlated noise with data dependent variance), and the KF
estimate of the simulated blood oxygen saturation level. The
bottom figure shows the autocorrelation of the innovation
sequences.

Second order whiteness of a random sequence can be tested
by a statistical test as defined in ( [16], page 16-8). The test
involves using the biased estimate of autocorrelation defined
as

cy(τ) =
1

N

N−t∑
t=1

y(t+ τ)y(t), τ ≥ 0 (26)

to form the test statistic

T =
N

c2y(0)

m∑
i=1

c2y(i). (27)

Here the sequence y is zero mean with length N . The
parameter m is a chosen maximum lag for whiteness testing.
The test statistic T is distributed chi-squared, χ2(m) (χ2 with
m degrees of freedom) if the sequence y is zero mean white.
For a fixed significance level, the test statistic can be compared

Figure 6: Kalman filter estimate and raw oximeter readings for blood
oxygen saturation level.

to a threshold to validate the second order whiteness. If T is
greater than the threshold, the sequence y is declared non-
white at the chosen significance level.

The test described above, when applied on the innovation
sequence obtained after Kalman filtering the simulated data,
declared the innovation sequences to be second order white at
0.05 significance level. The maximum lag m was chosen to
be 100. The whiteness of the innovations statistically validates
the functioning of the KF with the proposed noise models on
simulated observations corrupted with colored measurement
noise with time varying variance.

VI. APPLYING REAL DATA

A standard KF was implemented on the augmented system
defined by (23) and (24) with original process noise variance
Q = 0.005. The AR model parameters and noise variances
were estimated using (13) and (19) where the matrix A was
built using the noise samples extracted after low pass filtering
of the training data. For each subject, the estimation process
was repeated for each oximeter to generate three(3) sets of
parameters for the 3 corresponding oximeters. Figure. 6 shows
the Kalman filtered estimate of the blood oxygen saturation
level (in black line) given the raw observations from the three
oximeters for a particular subject. The process noise variance
Q was assumed to be a moderate 0.005, reflecting the average
confidence on the state dynamic model.

Since the random walk model in (20) is one of the first
attempts to capture the dynamics of the blood oxygen satura-
tion level, the choice of a moderate process noise variance is
probably prudent.

The performance of the filter can be assessed by analyzing
the autocorrelation of the innovation sequences. The top figure
in Figure 7 shows the autocorrelation of the innovations ob-
tained by applying the Kalman filter on simulated data (recall
that the innovations from simulated data were statistically
declared white). The middle figure provides the autocorrelation



Figure 7: Autocorrelation of innovation sequences for three sensors
(Real and Simulated).

of the innovation sequences obtained after Kalman filtering
of the real data using the proposed colored noise models.
The bottom figure shows the autocorrelation of the innovation
sequences when KF was applied on the real data with the
measurement noised assumed to be white. The colored noise
model appear to significantly improve the filter performance.
Even though the innovation sequences generated from the
real data are not white, there is significantly less correlation
among innovation samples at higher lags when compared to
the autocorrelations shown in Figure 3.

VII. DISCUSSION AND FUTURE WORK

We proposed the fusion of multiple oximeter signals using
a Kalman Filter where the colored measurement noise was
modeled using a second order AR process. The results are
not perfect (autocorrelation of the innovations not white); it
would probably be useful to try other models of correlated
noise. For instance a multiplicative noise model like the
Autoregressive Conditional Heteroskedasticity (ARCH) [17],
[18] can be attempted to model the oximeter measurement
noise. Time varying autoregressive (TVAR) models may also
be used. Other techniques like particle filtering ( [11], Chapter
15) might be used to take into account non-Gaussian noise
distributions.

The model parameters were derived using training data sets
for each subject. In other words, for each subject tested in the
data collection process, an individual set of parameters was
estimated. These parameters however, may not be suitable for
subjects not included in the data collection process. An on-
line learning algorithm capable of reliably estimating model
parameters on the run using incoming data from multiple
sensors would be more useful as part of a generic real time hy-
poxia detection scheme. To enhance the design of such generic
systems, future work could include improving the noise model,
incorporating multimodal sensing, and developing pre-filtering
steps based on human dynamics.

Our study assumed that the state dynamics are autonomous
(zero input). However an attempt can be made to derive a
relation between altitude and blood oxygen saturation level
which could then possibly be incorporated in the KF formula-
tion with the altitude variation being the input. This effort may
also pave the way to incorporating information from multiple
heterogeneous sensors like altimeter, accelerometers, anti-G-
suit pressure (for fighter pilots), in a combined framework
which can potentially detect the onset of hypoxia more reliably
in real time. The end combined result can be further used
as an activation trigger signal to control hypoxia mitigation
technologies as well.

In addition, Figures 2 and 3 show a strong similarity in
noise characteristics for the three oximeters. This similarity
might be due to some physiological processes in the body and
perhaps is not a property of the oximeters. This observation
needs to be investigated further.

VIII. CONCLUSION

We performed the fusion of multiple pulse oximeter signals
using Kalman filtering for hypoxia detection. Three (3) pulse
oximeters (Respironics Novametrix 515B on finger, Nonin
9847 and Masimo RAD-87 on forehead), were tested on a
collection of 45 datasets from 26 healthy volunteers and the
recorded data were used to derive oximeter signal and noise
models. The blood oxygen saturation level was considered the
scalar state to be estimated and its dynamics were modeled
as a random walk. The oximeter noise was found to be
temporally correlated and a second order AR process was
used to model it. State augmentation approach was used to
incorporate temporally colored measurement noise statistics in
the Kalman Filter formulation so as to get an estimate of the
blood oxygen saturation level. Even though the innovations of
our filter were not truly white, we were able to get considerable
improvement from the multi-sensor fusion process over the
performance of a single sensor.
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