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Portable sensor based dynamic estimation of human oxygen uptake via
nonlinear multivariable modelling

Steven W. Su‡†, Branko G. Celler‡, Andrey V. Savkin‡, Hung T. Nguyen†,
Teddy M. Cheng‡, Ying Guo?, and Lu Wang‡

Abstract— Noninvasive portable sensors are becoming popu-
lar in biomedical engineering practice due to its ease of use.
This paper investigates the estimation of human oxygen uptake
(V O2) of treadmill exercises by using multiple portable sensors
(wireless heart rate sensor and triaxial accelerometers). For
this purpose, a multivariable Hammerstein model identification
method is developed. Well designed PRBS type of exercises
protocols are employed to decouple the identification of linear
dynamics with that of nonlinearities of Hammerstein systems.
The support vector machine regression is applied to model the
static nonlinearities. Multivariable ARX modelling approach is
used for the identification of dynamic part of the Hammerstein
systems. It is observed the obtained nonlinear multivariable
model can achieve better estimations compared with single
input single output models. The established multivariable model
has also the potential to facilitate dynamic estimation of energy
expenditure for outdoor exercises, which is the next research
step of this study.

Index Terms— Oxygen uptake; Multivariable Hammerstein
model; Identification; Support Vector Regression; Treadmill
exercise.

I. I NTRODUCTION

OXYGEN uptake is an important physiological parame-
ter for the determination of functional health status and

clinical assessments in normal and pathological conditions.
The main purpose of the paper is to explore dynamic estima-
tion of oxygen uptake by using multiple noninvasive portable
sensors. The potential application areas of this study include
but not limited to training monitoring for elite athletes, health
monitoring of patients with diabetes, and remote health
assessment of elderly patients in telemedicine.

Recently, practical portable sensors such as Triaxial Ac-
celerometers (TAs), pedometers, and heart rate (HR) sensors
are used for the estimation of oxygen uptake during exercises
[1]. These sensors provide a potentially portable platform for
the reliable estimation of oxygen uptake under sensor failure
or malfunctions which are often encountered for wireless
portable sensors. An example of these sensor failures for
a wireless HR sensor is the artefacts generated by high
impedance, body movements, and sudden disconnections.
From data fusion and fault tolerance point of view, the
combination of sensors with different measuring mechanisms
has many advantages [2].
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Fig. 1. A Hammerstein system.

Based on this consideration, this paper selects Polar
wireless HR sensor and TAs to estimateV O2. TAs can
evaluate the energy expenditure directly associated with body
movement, and facilitate temporal tracking of the frequency,
intensity, and duration of activity. On the other hand, HR
is a measurement of body response to exercise. These two
kinds of sensors are therefore quite different in measurement
mechanism. They have their own disadvantages as well. HR
reflects the relative stress placed on the cardiopulmonary
system due to activity [3], but it can also be elevated by
emotional stress, which is independent of any change in
oxygen uptake [1]. TAs measures exercise density but cannot
assess body responses. The combination of these two kinds
of sensors can well remedy these shortcomings. Furthermore,
these sensors are cost effective portable sensors and easy to
use. Based on the above consideration, we select HR and
TAs to estimateV O2 dynamically.

For the modelling of oxygen uptake, relevant papers in
current literature have mainly concentrated on either steady
state prediction [4] [5] or dynamical estimation of onset and
offset exercise [6] [7]. Paper [8] presented a novel SISO
Hammerstein modeling method to depict both steady state
and transient of oxygen uptake. This model can be described
as a static nonlinear block followed by a dynamic linear
system (see Fig.1).

The dynamical estimation of oxygen uptake in paper [8]
is based on the information of walking speed which is
obtained from the motor speed of treadmill machine and is
not applicable for free-living conditions. In this study, TAs
combined with wireless HR sensor are used to dynamically
estimateV O2 as the replacement of the recording of walking
speed. We also extend the SISO Hammerstein modeling
method in [8] [9] to multivariable case in order to cope
with multiple sensor based estimation. As stated in [8] for
SISO modelling, the extended multivariable Hammerstein
model identification approach is also quite suitable for the
identification of oxygen uptake model. Due to the total
decoupling of static part identification (based on steady state
experiment data) and dynamic part identification (based on
dynamic experiment data), it is possible to apply different
measurement approaches for steady state tests and dynamic



 

Fig. 2. A typical experimental senario.

experiments respectively.
In this paper, we only estimateV O2 for moderate exer-

cises (less than 100 w). We believe when theV O2 estimation
is in a relative wide range, the nonlinear modeling approach
would be much more effective than linear one.

This paper is organized as follows. The extended multi-
variable Hammerstein model identification method and its as-
sociated experimental arrangements are introduced in Section
II. Modelling results are summarized in Section III. Section
IV gives conclusions.

II. M ETHOD

A. Subjects

Six normal male subjects (aged 28± 5.5yr, height 176
± 5cm, body weight 70± 11kg) attend the experiments.
They are all active, but do not participate in formal training
or organized sports. All the subjects knew the protocol and
the potential risks, and had given their informed consent.
The protocol was approved by the Ethics Committee of the
University of New South Wales.

B. Instrumentation

Heart rate was monitored beat by beat using a wireless
Polar system. The core part of accelerometer was ADXL210
(Analog Device, Inc.), a piezoresistive accelerometer sup-
plied by Analog Electronics. The ADXL210 has a range
of ±10g, a frequency range of0 − 50 Hz, an RMS noise
estimate of4.33×10−3 g and a peak-to-peak noise estimate
of 17.2 × 10−3. Ventilation and pulmonary exchange were
measured on a breath by breath basis. Minute ventilation
was measured during inspiration using a Turbine Flow Trans-
ducer model K520-C521 (Applied Electrochemistry, USA).
Pulmonary gas exchange was measured using S-3A and CD-
3A gas analyzers (Applied Electrochemistry, USA). Before
each individual exercise test, the turbine meter was calibrated
using a 3.0 liters calibration syringe.

C. Procedure

A typical experimental senario is shown in Fig.2. All
experiments were conducted in the afternoon, and the sub-
jects were permitted to have a light meal one hour before
measurements were recorded. Initially, the subjects were
asked to walk for about 10 minutes on the treadmill to
familiarize themselves with the experiment. The subjects
were then requested to walk at six levels of different speeds
(2, 3, 4, 5, 6 and 7 km/h). Each level took a total period of
5 minutes, and was followed by a 10-minute resting period.
The oxygen uptake was recorded and averaged every two
minutes by using a mixing chamber based gas analysis and
ventilation measurement system (Applied Electrochemistry,
USA). Finally, in order to identify linear dynamic part of
the Hammerstein system, subjects were also requested to
walk on the treadmill under a PRBS input. Throughout
the experiments, the breath by breath tidal volume and the
concentration of oxygen were recorded to calculate breath
by breath oxygen uptake. The outputs of TAs were also
recorded.

D. Multivariable modelling

1) SVR based nonlinearity identification method:In [10],
Bai showed that the identification of linear part of a Hammer-
stein model can be decoupled from nonlinear part with the
help of the PRBS input. The reason is any static nonlinearity
can be exactly characterized by a linear function under
PRBS input which has the binary nature. In this study, the
PRBS input is also employed. Thus, the identification of
Hammerstein model can be obtained by the identification
of static nonlinearity and linear dynamic separately.

For the identification of the nonlinearity, the so called
ε-insensitivity Support vector regression will be employed,
which is convex and very efficient in terms of speed and
complexity. The description of SVR regression is omitted
due to space limitation. However, brief introduction of SVR
regression can be found in papers [9] [8]. Details about SVR,
such as the selection of radiusε of the tube, kernel function,
and the regularization constantC, can be found in [11] [12].

2) Multivariable ARX modelling:The general structure
of a SISO discrete time ARX model can be described as
follows:

A(q)y(t) = B(q)u(t− nk) + e(t), (1)

whereu(t), y(t) ande(t) are input, output and noise respec-
tively, and

{
A(q) = 1 + a1q

−1 + · · ·+ anaq−na ,
B(q) = 1 + b1q

−1 + · · ·+ bnb
q−nb .

(2)

Models with two inputs and one output is shown as follows:

A(q)y(t) = B1(q)u(t−nk1)+B2(q)u(t−nk2)+e(t), (3)

where:

Bi(q) = 1 + bi1q
−1 + · · ·+ bnbi

q−nbi , i ∈ {1, 2}. (4)

If model structure is predetermined the parameters of the
model can be identified by using the least squares method.



III. D ATA PRE-PROCESSING AND MULTIVARIABLE

MODELLING

A. Data pre-processing

The main data pre-processing task is related with TAs.
The wireless portable TAs that were used are piezoresistive
accelerometers. They are particularly suitable for detection
of human movement due to their sensitivity to very low fre-
quencies. The TAs were attached to the lower back close to
the subject’s centre of gravity. Accelerations were measured
in a body-fixed axis system with measurement directions
in antero-posterior (x), medio-lateral (y), and vertical (z).
Individual outputs from the three measurements are high pass
(0.11 Hz) and low-pass (20 Hz) filtered outputs to suppress
DC-response and high frequencies that cannot be expected
to arise from human movement. Filtered acceleration signals
were processed to produce accelerometer output variables
IAAx,IAAy, IAAz andIAAtot:
{

IAAi = 1
T

∫ T

t=0
|ai|dt, i ∈ {x, y, z},

IAAtot = IAAx + IAAy + IAAz,
(5)

whereT = 5 seconds. For steady state experimental data,
acceleration signals from the last 2-minute interval at the
end of each walking stage were processed for steady state
analysis.

B. Modelling of static nonlinearity

For the prediction of steady state oxygen uptake, book
[5] proposed a famous linear static model to approximately
estimate oxygen uptake in a given walking speed ranges.
Papers [4] provided simple static nonlinear (polynomial)
models. However, these models need walking speed informa-
tion which is hard to be measured accurately in free living
conditions. This study investigates the possibility of applying
TAs and HR wireless portable sensors to estimate oxygen
uptake in free living condition. We establishes not only SISO
(single input single output) model (V O2 vs HR, andV O2

vs TAs), but also a MISO model (V O2 vs HR&TAs) based
on SVR. The estimation results are shown in Fig.3-5 and
summarized in Table I. In Fig.3 and 4, the continuous curve
stands for the estimated input output steady state relationship.
The dotted lines indicate theε-insensitivity tube. The plus
markers are the points of input and output data. The circled
plus markers are the support points. In Fig.5, the solid circle
stands for the estimated value and solid arrow stands for the
measured value.

In terms of curve fitting results (training error in MSE)
of these models, SVR regression is generally better than
linear regression (LR). The best SVR estimation is the
multivariable model (MSE = 2.1). TAs based estimation
(MSE=3.0) is less accurate than multivariable model, but
is much better than HR sensor based modle (MSE=7.5).
However, at this stage, it is still early to say that multivariable
model is better than SISO models or TAs based model is
better than HR based model. More experiments are needed
to validate the identified models. Furthermore, as discussed
before, the HR sensor is a measurement of body response
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Fig. 3. SVR regression forV O2 estimation based on HR signal.
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Fig. 4. SVR regression forV O2 estimation based on TA signal.

while TAs only measures body movement. The real oxygen
uptake with same body movement may vary with individual
body condition and environmental conditions (e.g. walking
exercise in different incline and road surface in outdoor
exercises).

Another interesting observation is that outputs of TAs and
HR are correlated in a certain extend. That is possible a
reason that in some restricted environmental condition and
normal individuals using either TA or HR model can still
achieve desired oxygen uptake estimation. Therefore, we
present three models (not only a multivariable model) for
the estimation of oxygen uptake in different situations.

C. Modelling of dynamical part

In order to avoid this coupling error, a well designed PRBS
input is implemented in the automated treadmill system [8].
A PRBS has two levels (a+ anda−) and switches from one
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Fig. 5. SVR regression forV O2 estimation based on TA and HR signals.



Relation V O2 vs HR V O2 vs TA V O2 vs (TA & HR)
LR error 8.9 3.4 3.1
SVR error 7.5 3.0 2.1

TABLE I

ESTIMATION MEAN SQUARE ERROR ((ml ·min−1Kg−1)2) OF

MODELS
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Fig. 6. Dynamic estimation ofV O2.

level to the other at constant time intervals∆. It is periodic
with period T = ∆N , where N = 2n − 1 and n is an
integer. In order to avoid nonlinear behaviour, the difference
of the two levels of PRBS should be as close as possible.
However, it is also required that the output responses under
these two levels of inputs should be noticeably different
(good signal to noise ratio) to ensure a reasonable parameter
estimation results. For the selection of∆ and N , we need
to compromise with the complexity of the selected model,
response time of the system, noise level, and the total
experimental time which the subjects can tolerate. In this
study, we selecta+ = 6km/h, a− = 4km/h, N = 7 and
∆ = 150 seconds after several pre-experiments and detailed
analysis of the modelling output.

Papers [13] [14] [15] often select first order exponential,
with no time delays to describe the dynamics of oxygen
uptake. In our previous study [8], it is also confirmed that
the exponential rise in oxygen uptake directly reflects the rate
of rise and drop in leg muscle oxygen uptake at the onset
and offset of exercises. Therefore, we select first order ARX
model (without delay) for the estimation of oxygen uptake.
Based on the averaged data of PRBS input experiments,
we identified the parameters of three individual models by
using Matlab Identification Toolbox. The prediction results
are shown in Figure 6 and summarized in Table II. In terms of
the Akaike Final Prediction Error (FPE), the best prediction
for V O2 transient estimation is the multivariable ARX model
(V O2 vs TAs&HR). Fig.6 shows that fairly good transient
predictions are obtained.

IV. CONCLUSION

In this study, we aim to estimate oxygen uptake dynami-
cally under free living conditions by using portable wireless
sensors. We extended the Hammerstein model identification

Relation V O2 vs HR V O2 vs TA V O2 vs (TA & HR)
FPE 0.16 0.13 0.11

TABLE II

THE VALUES OF THEAKAIKE FINAL PREDICTION ERROR (FPE)OF

MODELS

method proposed in our previous work [8] to multivariable
case. By using the data of a well designed PRBS type
experiments, the identification of static nonlinear part and
dynamic linear part is totally decoupled. The identified
models can be applied in both steady state and dynamic
analysis of human cardio-respiratory responses to exercises.

Noninvasive portable wireless sensors are prone to mal-
functions and/or failures (such as, artefacts generated by en-
vironmental EMI and disconnection of electrodes). Another
purpose of this study is to provide an efficient way to tolerate
sensor malfunctions and/or failures based on these identified
models.
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