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Abstract

Long-term body temperature measurements for research and diagnosis are currently done in
hospitals or specialized research labs. This method has several drawbacks: the use of wired ob-
trusive sensors (e.g., rectal probes to measure the core body temperature) may be uncomfortable
for patients. Furthermore, situations recorded in laboratory settings do not reflect reality as
patients are not subject to their normal living environment. Furthermore, it is labor-intensive
to regularly check upon patients and care for their well-being. Using small wireless sensor nodes
in a body sensor network to measure body functions, one can mostly offset the limitations listed
above.

For this work, we have developed a wireless sensor node that uses an infrared thermopile as a
sensor to unobtrusively measure the core temperature at the tympanic membrane. Due to their
construction, these sensors are heavily dependent on the ambient temperature in the surroundings
of the sensor packaging. While this does not affect their use in single-shot measurements (e.g.,
using an ear thermometer), it poses a challenge for continuous measurements, as common living
environments do not have constant ambient air temperatures and people frequently commute
between different places. These conditions may offset measurements significantly, an important
problem for medical applications that require high accuracy.

In this work, we employ infrared thermopiles in a body sensor network and characterize their
behaviour in various situations, especially in the presence of varying environmental conditions.
Based on our observations, we describe methods for post-processing measurements in order to
compensate environmental changes and hence get results reflecting reality more closely. Our
evaluation shows that these methods can offset the infrared thermopile’s weakness but need
further work to achieve the degree of accuracy that is needed for medical applications.
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1 INTRODUCTION

1 Introduction

Measuring the body temperature of patients has applications in daily diagnosis and medical
research. As an example, the sleep-wake cycle was shown to be dependent on the circadian
rhythms (”approximately daily”) of core body temperature [3]. As such, continuously measuring
the core body temperature for extended periods of time has useful applications in related research.
It may also be useful in applications where continuous monitoring of the core body temperature
is crucial for the safety of individuals, e.g., for exercising athletes or firefighters, as proposed by
Chiang et al. [12].

Studies of the circadian rhythms of core body temperature, so far, have been limited mostly
due to the fact that patients were bound to stay in bed in a clinical environment during the
whole duration of the experiment [18] (see for example the work by Kurt Kräuchi [20]). Keeping
patients for a longer time in hospitals is costly and labor-intensive, as staff has to monitor them
and care for their well-being. Furthermore, patients are not subject to their normal environment.
Additionally, they are wired to measuring instruments which limits their overall movements and
may be awkward for them, e.g., when using rectal probes to measure the core body temperature.

We aim to offset the limitations mentioned above while still being accurate enough to see sig-
nificant impacts and long-term changes in core body temperature measurements. Our goal was
to achieve an accuracy of 0.02 ◦C at a sampling rate of 1/2 Hz for a measurement time of two to
three weeks. We use body sensor networks to grant the patient more freedom to move around
and allow them to take part in everyday life in their normal living environment. There, they can
care for themselves and networking technologies allow for remote monitoring and evaluation of
measurements. To make the core body temperature measurement itself less uncomfortable, we
use infrared thermopiles pointing at the tympanic membrane instead of rectal probes. Off-the-
shelf ear thermometers using infrared thermopiles for one-shot measurements are widely available
both for clinical use and for consumers to use at home.

However, the use of infrared thermopiles for continuously measuring the core body temperature
has one major drawback. The measurements done with infrared thermopiles strongly depend on
the temperature of the environment. For one-shot measurements this drawback can be avoided
by quickly taking a measurement, directly after inserting the thermometer into the ear. This
method relies on the assumption that during the short time before the measurement was taken,
the body temperature did not have a significant enough impact on the infrared thermopile to
influence the measurement noticeably. When continuously taking measurements, this assumption
clearly does not hold any longer.

In this thesis, we will introduce computational methods for post-processing measurements in
order to compensate the influence of external temperature changes upon them. Further, we
show that these methods can indeed offset this specific drawback.

1.1 Methods

In this work, we use the method of experimental computer science. We propose an architecture
for a body sensor network in which one of the nodes is equipped with an infrared thermopile
and measures the temperature at the tympanic membrane. We have built small wireless sensor
nodes and implemented the software for controlling them. We collected measurements in a
variety of different situations to characterize the infrared thermopile’s behaviour and we derived
observations that we use to devise, implement and evaluate schemes for compensating measuring
errors specific to infrared thermopiles in a post-processing step. Further, we evaluate the energy
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1.2 Contributions 1 INTRODUCTION

efficiency of our sensor nodes and potential impacts of a variable sampling rate upon the accuracy
of our compensation methods.

1.2 Contributions

In this thesis, we show that infrared thermopiles are suitable for continuous measurement of
the temperature at the tympanic membrane despite the problems highlighted earlier: choosing
a subset of our collected measurements, we show and characterize the behaviour of the infrared
thermopile under changing environmental influences, e.g., change of the ambient air temperature
caused by a change in location. Based on our findings, we derive methods for compensating
typical errors introduced during the measuring process and caused by the principle working of
infrared thermopiles. Our methods can compensate most of the typical errors encountered but
do not achieve an accuracy needed for medical applications, yet (they have an average error of
more than 0.1 ◦C in typical situations while less than 0.02 ◦C would be needed). Further, we
implemented a small body sensor network and show that it allows to measure the core body
temperature continuously for up to three weeks using a lightweight battery whose additional
weight can be supported by the ear.

1.3 Limitations

There have been studies regarding the suitability of infrared thermopiles for measuring the core
body temperature before (see Section 6). Also, the correlation between the tympanic membrane
temperature and the actual deep core body temperature has been studied before. This work will
not reconsider this aspect. Instead, we based our work on the assumption that the tympanic
temperature can be expressed as a linear combination of the core body temperature, i.e., they
differ only by a constant scaling factor and offset. Further, we assumed that these errors can
be compensated in a post-processing step: data collection is supposed to last for two to three
weeks. Therefore, we think it is reasonable to take a calibration measurement with a reference
method (e.g., rectal probe) before and after the actual measurements. This can be done for each
patient individually.

For this work, we only looked at situations where patients are not exercising or otherwise involved
in serious physical activities. These situations pose their own difficulties and may be addressed
in a future work.

Also, we do not address link quality issues but rely on existing implementations. Other appli-
ances or sources of strong electromagnetic radiation may interfere with our application, blocking
communication temporarily or permanently (especially as we are using the crowded 2.4 GHz fre-
quency band). Even with no major interference through external appliances, the radio signal
may be attenuated by parts of the patients body. Attenuation through body parts is briefly
touched in Section 5.1 but was not part of the design considerations.

Vital body signals inherently contain a lot of information about the personal situation. As such,
they should be protected from unauthorized third parties. Several schemes for protecting body
sensor networks and its data from unauthorized access have been proposed before (e.g., [26, 6]).
Therefore, we do not consider security in this work and also do not provide any countermeasure.

2



1.4 Structure of this report 1 INTRODUCTION

1.4 Structure of this report

The rest of this thesis is structured as follows: in Section 2 we will briefly introduce the reader
to body sensor networks, the Contiki operating system, infrared thermopiles and different kinds
of regression and interpolation used in our compensation methods. The architecture of our body
sensor network will be introduced in Section 3 where we will describe the sensor nodes that
we built for this work and the structure of the network in further detail. Thereafter, we will
characterize the behaviour of the infrared thermopile in continuous measurements, address typical
errors introduced during measurements through environmental changes and how to compensate
them in Section 4. Section 5 will evaluate the efficiency of our system and the accuracy of our
compensation methods as well as the impact of a variable sampling rate upon the latter. Finally,
we discuss related work in Section 6 and summarize our work as well as highlight possible future
work and improvements in Section 7. Appendix A includes additional figures and plots for the
compensation and evaluations sections and Appendix B contains the schematic for one of our
sensor nodes.
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2 BACKGROUND

2 Background

In this section, we briefly introduce body sensor networks as the basis of our architecture (de-
scribed in Section 3) and the operating system Contiki that we run on the sensor nodes. Further,
we explain how an infrared thermopile works in principle – in order to understand the implica-
tions of using it and why there is a need for compensation schemes. We further introduce some
basic mathematical concepts at the end of this section that will be used in Section 4.

2.1 Body sensor networks

Body sensor networks (BSN) are a subset of the so called (wireless) personal area networks.
They consist of a small number of sensor nodes (tiny computing devices consisting of one or
more sensors, a microcontroller and a network interconnect/radio). Contrary to the majority of
wireless sensor networks (WSN), body sensor networks are typically heterogeneous, consisting
of different kinds of sensor nodes. Each of them takes on a different role, and measures one
or more body functions (e.g., heart rate, ECG, walking pattern, skin temperature and others).
Often, there are one or more nodes in the network dedicated to aggregating data from other
nodes and sending the processed data through a wide area network (WAN, e.g., UMTS) to an
off-site device. Such a node may be, for example, a smart phone [27] or a PDA [7]. This may
serve several purposes:

• Nodes that are dedicated to measuring body functions may be very tiny and low in code
complexity. They simply send their data to another node in the BSN and do not need to
do any (potentially complex and power consuming) computation on the data itself.

• Aggregating nodes may be reused for different body sensor networks.

• Collecting data from different sources and integrating them allows to detect events that
would not be detectable when only using one source of data. Such events may include for
example the detection of a collapse of an elderly person who is equipped with the body
sensor network. When such an event is detected, the body sensor network can send an
autonomous help request to a caretaker or other medical personal, reducing response time
[22].

Body sensor networks share some similarities with wireless sensor networks. In both cases, nodes
have to be cheap to be deployed in masses. Further, there is a strong focus on energy efficiency
as in both cases the battery should last (at least) a couple of weeks. Also, nodes in a body
or wireless sensor network have to be resilient to mechanical shocks: nodes may be dropped
intentionally, e.g., for deployment (WSN), or accidentally (BSN). Further, people equipped with
a body sensor network may bump into other people or engage in sport activities, thus exposing
the sensor nodes to significant mechanical shocks. These situations may also lead to degraded
accuracy when nodes are sensitive to their placement on the human body. Because body sensor
networks are meant for being carried around, they place a stronger focus on weight and being
unobtrusive.

For a broader overview of limitations, opportunities and challenges of body sensor networks in
general, we refer the reader to Hanson et. al. [19].

Often, nodes in a wireless or body sensor network run special-purpose operating systems that
have a low impact on energy consumption and supply routing algorithms and other commonly
used functions. One such operating system is Contiki, which we use in our work and therefore
describe in Section 2.2.
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2.2 The Contiki operating system 2 BACKGROUND

2.2 The Contiki operating system

Contiki [17] is an open source event-driven operating system developed initially at the Swedish
Institute for Computer Science (SICS). It is intended to be used in resource-constrained devices
like WSN nodes. It uses a threads-like model called protothreads that allows the use of multiple
threads with little overhead. Protothreads share a common stack and are not pre-emptive (they
may be suspended for interrupt handling, though). In our application, we use this model to
separate the interaction with the sensor and the communication within our body sensor network.

Contiki supports a range of hardware platforms and radio devices. The current version of Contiki
already contains an initial port for the Atmel ATmega128RFA1 platform that we employ. The
port needed only minor adjustments to run on our hardware. Further, Contiki contains abstrac-
tion layers, software timers, automated sleep scheduling as well as multiple routing and network
protocols. This allowed us to focus on our application and only spend little time optimising the
energy consumption and implementing a communication protocol. Though our current architec-
ture (as outlined in Section 3) only makes use of direct communication between nodes, routing
algorithms already implemented within Contiki would allow to quickly switch to a multi-hop
architecture, should we choose to do so in the future.

To allow multiple devices to access the same shared wireless communication medium, BSNs or
WSNs typically employ media access control (MAC) protocols. These usually handle collisions
and local addressing of nodes. Carrier Sense Multiple Access (CSMA) is one of the MAC proto-
cols provided by Contiki and the one we employ currently. Nodes using this protocol first check
whether the channel is clear (no other node currently sending) before attempting a transmission
themselves. Radio duty cycling (RDC) protocols schedule active and sleeping times of the radio
to improve energy efficiency. To ensure that two nodes can still communicate with each other
while switching their radio off for as long as possible, RDC protocols may send beacons to ensure
the receiving node is listening, delay sending of the current frame and/or retransmit frames.
Specifically, we use the ContikiMAC [16] and X-MAC [10] RDC protocols provided by Contiki.
Nodes using RDC periodically wake up to check for radio activity. In case there is no activity
or the transmission is intended for a different recipient, the node goes back to sleep; otherwise it
waits until the transmission is successful. Using ContikiMAC, the sending node repeatedly sends
the actual data packet until it receives an acknowledgement from the receiver. In contrast, using
X-MAC, the sending node repeatedly sends a small specialized packet, the preamble, to signal
the intended receiver about the upcoming transmission. Once the preamble is acknowledged by
the receiver, the actual data packet is transmitted.

2.3 Infrared thermopile sensor

In order to better understand the problems involved in using an infrared thermopile for our
research, we will first briefly explain how an infrared thermopile works in principle: Figure 1 shows
a drawing of the inner working of an infrared thermopile sensor. Objects emit infrared radiation
proportional to their current temperature [24]. The infrared radiation is absorbed on the surface
of the detector, resulting in a temperature difference to the original temperature of the detector.
This difference is proportional to the amount of infrared radiation received and therefore the
temperature we want to measure. However, the original base temperature is not known and
is difficult to retrieve. To overcome this issue, the base temperature is assumed to equal the
temperature of the sensor housing (or packaging). Finally, measuring the temperature of the
packaging with an in-circuit thermometer allows to calculate the objects original temperature.
However, the sensor packages temperature is assumed to be constant for this to work reliably.
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2.3 Infrared thermopile sensor 2 BACKGROUND

object to measure
the temperature at

lens / filterIR-radiation

detector

thermometer for measuring
the ambient temperature

Figure 1 – This figure shows schematically the inner working of an infrared thermopile.

Therefore, the measurements are influenced heavily by the ambient air temperature. When the
patient is moving around and especially when going outside, the ambient air temperature will
change – also affecting the packaging and therefore the measurement. As such, the accuracy
of the measurement will suffer, introducing artifacts. Artifacts are changes in signals that are
usually caused by an external influence (external from the sensors point of view) and result in
a significant deviation from the true state or value that is to be measured. As an example, a
device may measure a core body temperature that is significantly lower or higher than the real
core body temperature. Figure 2 shows an example where the measured core body temperature
is supposedly reaching 33 ◦C which would be fatal for a human being.

For a more detailed description of how an infrared thermopile works, we refer the interested
reader to Liess et al. [21].

In later sections we will refer to the temperature of the sensor housing as the (sensors) ambient
temperature – not to be confused with the ambient air temperature – and to the temperature
of the object – usually the patient’s tympanic membrane – as the object temperature. As the
infrared thermopile may not always point at the tympanic membrane, e.g., when taking it off for
showering, we use the object/ambient terms introduced in [1].

For our work, we employ a medical grade Melexis MLX90614 Infrared Thermometer which is
more accurate in temperature regions typical for the human body compared to non-medical grade
ones (see Figure 3 – the non-medical-grade MLX90614 has an accuracy of 0.5 ◦C in the depicted
range [1]). Noticeably, it has its highest accuracy when the ambient temperature is between 20 ◦C
and 30 ◦C. These infrared thermopiles are used in regular one-shot ear thermometers where the
ambient temperature, being almost exclusively influenced by the room temperature, lies in that
interval. However, we use the infrared thermopiles for continuous measurements. As such,
the infrared thermopiles will be in thermal equilibrium between the body temperature and the
temperature of the surrounding air, i.e., the temperature of the sensor itself settled between these
two temperatures. Most of the time the ambient temperature (as measured from the sensor) will
hence be in the range of 30 ◦C to 40 ◦C.

The infrared thermopile version we employ also compensates for internal gradients. They occur,
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Figure 2 – Example of an artifact when measuring the core body temperature using an infrared
thermopile. The measurement shows the temperature of the tympanic membrane taken during a
walk outside in winter. The drastic deviation from the normal core body temperature (the normal
temperature can be seen in the first ≈ 13 minutes) was caused by an external influence (cold winter
air in this case) and can be observed from approximately minute 13 until the end.

even when the sensor is in thermal equilibrium: the cap of the sensor, pointing towards the
tympanic membrane, will have a slightly higher temperature than the base of the sensor which
faces away from the inner ear. These small differences (gradient) in temperature may already
affect the measurements noticeably. The gradient-compensated version of the infrared thermopile
measures the ambient temperature at two distinct places inside the sensor. Using the additional
data, the gradient is compensated computationally by the sensor itself. However, it is still
susceptible to the problem mentioned above.

2.4 Mathematical concepts

Next, we give a brief overview of (local) linear and polynomial regression, cubic Bézier curve
interpolation and k-means clustering. Linear regression is used to estimate a direction (or linear
function) from potentially noisy data. We will use it in Section 4.3 to approximate the first
derivative of our signals. Likewise, polynomial regression approximates a polynomial and we
will use it in Section 4.3.4 to approximate a continuous function. Bézier curves are non-linear
interpolation functions that we use in Section 4.3.1 to bridge short artifacts in our signal. Finally,
k-means clustering is an unsupervised machine learning algorithm that we use in Section 4.3.3
to deduce accumulations in frequency distributions.
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Figure 3 – Accuracy of the medical-grade MLX90614 Infrared Thermometer. Data taken from [1]

2.4.1 Local linear regression

With local linear regression, we want to fit a hyperplane y = n0 +w1 x1 +w2 x2 + . . . to a subset
of our data. Let x be a vector with associated scalar y from a subset of our data. We assume the
data to be centered. Therefore, n0 = 0 holds. Our intention is then to minimize the quadratic
error with regard to w according to Equation (1) for all pairs x, y. Figure 4 shows an example
of a line fitted to some noisy 2D data.

min
w

(
y − wTx

)2 (1)

2.4.2 Polynomial regression

Polynomial regression is similar to linear regression. But, instead of trying to fit our data to a
line, we try to fit the data to a polynomial. The minimization is still used, but the term wTx in
Equation (1) is replaced by a polynomial as shown in Equation (2). Figure 5 shows an example
of two different polynomials fitted to some noisy data. Note, that choosing an n that is too large
results in overfitting, that means the function adapts too strongly to individual samples which
are subject to noise in a lot of cases. As such, the regression also learns the noise, and will score
badly when evaluated for data points outside the initial training set.

min
w

(
y − (w0 x

0 + w1 x
1 + w2 x

2 + . . .+ wn x
n)
)2 (2)
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Figure 4 – Example of a line fitted to some noisy 2D data using linear regression.

2.4.3 Cubic Bézier curve interpolation

Cubic Bézier curve interpolation is an extension of linear interpolation. Let p0 through p3 be
n-dimensional points and t ∈ [0, 1]. Further, let p0 and p3 be the endpoints that we want to
interpolate in between. Linear interpolation (as shown in Equation (3)) results in a straight line
from p0 to p3.

pI(t) = (1− t) p0 + t p3 (3)

However, this may result in a non-continuously differentiable curve. Cubic Bézier curve interpo-
lation (see Equation (4)) makes use of two additional points p1 and p2: the interpolated curve
will leave p0 towards p1 and arrive at p3 coming from the direction of p2. The curve does not
necessarily go through p1 and p2, as can be seen in Figure 6.

pIII(t) = (1− t)3 p0 + 3 t (1− t)2 p1 + 3 t2 (1− t) p2 + t3 p3 (4)

2.4.4 k-means clustering

k-means clustering is an unsupervised machine learning algorithm to find collections (clusters) of
data points. It takes the number of cluster centers k and some thresholds as input. The algorithm
randomly creates k points (called cluster centers) which are refined iteratively afterwards. Each
iteration consists of two steps. Firstly, each data point is assigned to its closest cluster center.
Secondly, the cluster centers are moved to the geometric center of all data points that are assigned
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Figure 5 – Example of two different polynomials fitted to some noisy 2D data.

to them. These two steps are repeated until either a given number of iterations is exceeded or
the cluster centers converge, i.e., they did not move more than a given threshold in the last
iteration. Figure 7 shows the first four iterations (left to right, top to bottom) for an example
data set with k = 2. Note that the upper cluster center does not move far in the first iteration.
This is due to most data points being assigned to the lower cluster center as it is closer to them.
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Figure 6 – Linear and cubic Bézier curve interpolation of the missing part of a quadratic function.
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Figure 7 – Four iterations (left to right, top to bottom) of k-means clustering with 40 datapoints
(black). Red crosses mark the calculated cluster centers.
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3 System design and implementation

In this section, we describe the architecture and specifics of the body sensor network that we
designed and implemented. First, we describe the network architecture (Section 3.1), followed
by a more detailed description of each individual sensor node (Section 3.2). We further describe
the software that we developed in Section 3.3.

3.1 Architecture of the body sensor network

measuring nodes

sink node, carried in pocket

computing device used for
data processing and
visualization (base station)

Figure 8 – The body sensor network that we developed has a three-tiered architecture: measuring
nodes (tier one) record body functions, aggregating nodes (e.g., a sink node) provide services like
long-term storage for the measuring nodes (tier two) and the base station provides additional
services for the patient and supervising stuff, e.g., remote access to current measurement data (tier
three). Nodes communicate wirelessly with each other using the 2.4 GHz frequency band.

We defined a three-tiered setup as depicted in Figure 8. Tier one consists of measuring nodes
which are connected to one or more sensors to record body functions. They have to be unobtru-
sive, i.e., they should be as small as possible and have a weight that does not cause discomfort for
the patient while still achieving a sufficient lifetime. To achieve these conflicting requirements,
the measuring nodes do not have a secondary storage (non-volatile memory) and use a small
battery. Measuring nodes can be placed in different areas of the body to record specific body
functions. We realized an ear node dedicated to measuring the temperature inside the ear, at
the tympanic membrane (see Section 3.2.1).

While in this work we only use one measuring node, our architecture and software was designed
to support further measuring nodes, such as a wristlet measuring the skin temperature [8] that
was developed as part of a different project and is planned to be integrated at a later stage.

Second-tier nodes (aggregating nodes) do not record body functions. Instead, they provide ser-
vices to nodes of tier one, e.g., storage and time synchronization. In this work, we implemented a
sink node dedicated to provide long-term storage to other nodes (see Section 3.2.2). As (logically)
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3.2 Hardware 3 SYSTEM DESIGN AND IMPLEMENTATION

(a) ear node (b) SD node extension board

Figure 9 – Board layouts of the ear node and the SD node extension board for the deRFbreakout
Board. Dimensions not to scale. The board for the ear node has a size of 4.8 × 3.4 cm, whereas the
extension board for the SD node has a size of 7.8 × 4.0 cm.

consistent timing information is crucial for the data logging process, this node may also serve as
a reference clock for measuring nodes, adjusting their local time based on the difference to the
reference clock and the estimated network latency. Contrary to measuring nodes, aggregating
nodes have relaxed requirements for weight and size. Hence, they can usually be equipped with
a bulkier battery.

Finally, nodes that are not permanent members of one body sensor network (optional nodes) are
grouped into tier three. Contrary to the second-tier nodes, they do not provide any services to
nodes in the network. Instead, they are used to interface with the body sensor network on an
as-needed basis. They may provide additional services for patients and supervising staff, e.g.,
visualization of the current measurement or remote access. Our base station, that we describe
in Section 3.2.3, provides both services mentioned.

In the following, we will also refer to the in-ear device (measuring node) as ear node and to the
sink as SD node.

In Section 3.2, we describe in detail the hardware that we designed and implemented, i.e., the
sensor node forming our body sensor network.

3.2 Hardware

We built prototypes for the three nodes mentioned above and detailed below. Our nodes are
custom-built, based around modules from dresden elektronik ingenieurtechnik GmbH: the ear
node uses the deRFmega128-22C001 module meant for soldering on to custom boards and the
other two nodes use the deRFmega128-22A002 module in combination with a deRFbreakout Board3.
We built our nodes using this platform as it is comparatively small and uses the ATmega128RFA1
microcontroller from Atmel for which an initial port of the Contiki operating system (see Section
2.2) existed. For the base station, we use only the breakout board and the microcontroller mod-
ule. For the other nodes, we designed and manufactured custom logic boards, shown in Figure

1http://www.dresden-elektronik.de/shop/prod132.html – accessed 28. Aug. 2012
2http://www.dresden-elektronik.de/shop/prod148.html – accessed 28. Aug. 2012
3http://www.dresden-elektronik.de/shop/prod159.html – accessed 28. Aug. 2012
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3.2 Hardware 3 SYSTEM DESIGN AND IMPLEMENTATION

(a) front view (b) side view

Figure 10 – Prototype of the ear node without battery. The side facing the camera in the front-
view (a) also faces the ear. The sensor can be seen surrounded by the clip for attaching the node
to the ear.

9. While the board for the ear node has a module directly soldered onto it, the board for the SD
node is designed as an extension board that is stacked onto the breakout board and connected
through wires.

We now describe each node and its specifics individually.

3.2.1 Ear node

The ear node, designed to measure the core body temperature at the tympanic membrane,
consists of a deRFmega128-22C00 module directly connected to a Melexis MLX 90614-DCA
infrared thermopile (Figure 10). Sensor and microcontroller communicate using the SMBus
which is derived from the well-known I2C bus but differs in some aspects. However, in the
configuration used, it is identical to I2C. As such, we implemented the communication protocol
for the sensor on top of the I2C master interface library from Peter Fleury4.

The sensor supplies an object and an ambient temperature value as two single bytes each that we
convert internally into 16 Bit integer values of 1/100 ◦C resolution. Integer values are processed
faster by the 8-Bit microcontroller compared to floating point numbers and, using the resolution
of 1/100 ◦C, we do not loose any information. We sample both values periodically at a rate that
varies from 1/2 Hz to 1/15 Hz – see Section 3.3.1. Internally, the infrared thermopile samples
with a higher rate and returns a low-pass filtered signal sample to limit the impact of noise.
Samples acquired from the infrared thermopile are buffered locally and sent to the SD node
for long-term storage once a certain amount of samples is collected. The ear node expects to
receive an ACK from the SD node and will resend its data after a while should it not receive
any until then (see Section 3.3.1 for more details). This may result in the SD node receiving the
same packet multiple times when the ear node missed the SD node’s ACK. Duplicate packets are

4http://homepage.hispeed.ch/peterfleury/avr-software.html – accessed 18. May 2012
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(a) lower side (b) upper side

Figure 11 – Prototype for the SD node: the extension board (yellow) featuring the SD-card is
stacked between the breakout board (green) and the battery. The deRFmega128–22A00 module
can be seen plugged into the breakout board on the right-hand side of (b).

removed automatically at a later time through our application for compensation and evaluation
(see Section 3.3.2).

The prototype that we used during this work does not use any voltage regulator and directly
uses the voltage supplied by the battery. Both, the microcontroller and the sensor allow for a
range of supply voltages, specifically 2.6 V to 3.6 V. This allowed us to use off-the-shelf batteries
for testing that are easier to replace and maintain. However, measurements obtained from the
sensor are voltage dependent. The dependency is approximately linear[1], though, and can
therefore be compensated. To sample the battery voltage, we use a fixed voltage divider and the
microcontrollers ADC using an internally regulated 1.5 V reference voltage (also see the ear nodes
schematic in Appendix B). The battery voltage is sampled at the same time as the temperature
readings supplied by the sensor and values are compensated for their voltage dependency during
post-processing.

3.2.2 SD node

The SD node is a noticeably larger node compared to the ear node. It is less constrained, both
in size and weight. The patient is supposed to carry it around in their pocket during the day
and leave it in their proximity during the night. Hence, its weight and size are not as critical
as the ones of the ear node. Additionally, the node has to (potentially) participate in more
communications when there is more than one measuring node in the same network. As such, we
supplied it with a bigger battery and it is constructed in a way that is easier to maintain but
requires a bigger size. Likewise, we supplied it with a fullsize SD-card slot instead of opting for
a smaller µSD slot. Currently, the node is equipped with a 2 GB SD-card which provides enough
storage for several months worth of data in our current application. For interfacing with the
card and the FAT16 file system, we use the SD-card reader library from Roland Riegel5.

For being able to monitor the status of the network, the SD node sends an acknowledgment
to both the sender and the base station when it receives a packet from one of the measuring
nodes. Also, the base station is notified when buffers were written successfully to the SD-card.
In order to reduce power consumption, the SD-node buffers incoming frames and writes them

5http://www.roland-riegel.de/sd-reader/ – accessed 18. May 2012
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to the SD-card in a bulk operation once a certain amount of data is accumulated. Packets are
written to a plain file in a human-readable format. The SD-card provides plenty of storage and
a human-readable format is easier to debug.

In addition to long-term storage, the SD node also functions as central time reference for all the
nodes in the first two tiers: whenever it sends an ACK in response to a data packet it received
from one of the measuring nodes, it also sends along its current local time. Measuring nodes
store the time when they sent the last packet as well as when they received an ACK and use these
three timestamps for a primitive time synchronization: we assume that, on average, when half
the time between these two local timestamps has passed, the SD node receives the packet and
replies instantly. This assumption is simplified but we do not require a very accurate time stamp,
either. Also, our prototypes do not feature a real-time clock. A more accurate timing information
can be obtained by synchronizing the SD node’s time with the base station infrequently as the
latter one is usually connected to a device with a real-time clock. However, we did not have time
to implement this and leave it for future work.

3.2.3 Base station

The base station consists of the deRFmega128-22A00 paired with the deRFbreakout Board. It
can be seen in the upper part of Figure 11b stacked onto the SD node’s extension board. It
is connected to a regular computer through a serial interface. As mentioned above, it receives
regular status updates from the SD node. Additionally, it may be switched to a sniffing mode
where it may observe the network’s traffic. We use this to debug communications between our
nodes and to provide the capability to see the current measurement in a plot – locally and
remotely. We explain the latter in Section 3.3.2 below.

3.3 Software

In the following, we first describe some further technical aspect of the software running on our
ear node. Secondly, we are going to introduce and explain QCompensate, the software that we
implemented for visualization, post-processing of measurements and remote access capabilities
(visualization only).

3.3.1 Sampling

The radio consumes significantly more power than the other components of our nodes (we discuss
the power efficiency of our system at a later time). To reduce its power consumption, the ear
node buffers samples locally and transmits them once the buffer is filled. We set the buffer size
to hold 48 values in order for it to still fit into a single 128 byte frame used by the radio [2]. That
way, we currently transmit up to three frames per ≈ 90 seconds during normal operation (sample
rate of 1/2 Hz each for object, ambient and battery readings). However, this changes based on
the situation, as frames may be lost during transmission, requiring a retransmission. Further, it
may be necessary or advisable to reduce the sampling frequency in some situations since memory
is a scarce resource, especially for the ear node employed in our body sensor network. Currently
it can store up to half an hour worth of data recorded at 1/2 Hz.

As the radio operates in the 2.4 GHz frequency band (which is shared with Bluetooth and other
applications), patients may get close to a strong source of interference that breaks the communica-
tion between the ear node and the SD node. Furthermore, patients may simply forget to bring the
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SD node along when they leave home. Motivated by such examples and communication problems
we experienced when using ContikiMAC (explained later on), we implemented an adaptive sam-
pling scheme: the highest sampling frequency used is 1/2 Hz. When the communication between
the ear node and the SD node was interrupted for more than 15 minutes, the sampling frequency is
reduced to 1/15 Hz. So, instead of dropping new data when the buffer is full, we decrease the sam-
pling period early enough to still collect data, though at a sparser representation. As such, we can
record data for a maximum time of ≈ 213 minutes ( 48 samples∗2 s∗25 frames

60 s/min∗3 signals + 48 samples∗15 s∗50 frames
60 s/min∗3 signals ).

Likewise, we can reduce the sampling frequency even when the source can communicate success-
fully with the sink node. During periods of no activity and no external changes, the temperatures
measured are approximately constant during the time needed to fill one frame. As such, looking
at past data, the sampling frequency can be reduced whenever little to no changes are detected.
As ambient temperature readings are more likely to change, it should be sufficient to consider
only them for detecting changes in both signals. Figure 33 in Appendix A shows an example
where the object temperature reading exhibits small changes while the ambient temperature
reading changes significantly.

Our approach is currently using uncompressed data, each sample being a 16 bit integer. All three
signals (object and ambient temperature, battery) are very unlikely to exhibit significant differ-
ences between adjoining samples. Therefore, there is a great potential for lossless compression.
Analysing for the potential of compression, we applied Golomb-Rice coding [23] to our collected
sample sets using a very simple predictor (next sample value equals current one). Using this
technique, a sample required 4 - 5 Bits in average, resulting in one third the space requirements.
Compression is orthogonal to the sampling period adaption, so collecting data for more than
9 hours without any communication with the SD node would be possible. We implemented the
encoding function in our ear node’s software, however, we did not have enough time to imple-
ment the decoding procedure in our Python application. Though the algorithm itself is rather
straight-forward to implement, certain details, e.g., difference in endianness between devices, re-
quire more attention. We gave this aspect of our work a lower priority than others. Nevertheless,
adding it should be rather easy and require only reasonable time of testing while providing for
increased storage capacity. We may implement it in a future work.

3.3.2 QCompensate: Python application for compensation, evaluation and remote
access

We implemented our compensation algorithms, described below, in a custom Python application
using NumPy, SciPy and scikit-learn libraries. We will also refer to this application in the
following by its name, QCompensate. Currently, we use it to perform a number of related tasks:
once a measurement is complete, the most convenient way to retrieve the data is to take the
SD-card of the SD node and plug it into the computer which is used to run QCompensate. When
pointed to the SD-card’s location in the local filesystem, it parses the file, creates a serialized
object file to speed-up any later operations on the same data and conditions the data, i.e., post-
processes each packet stored as a single line in the file. This post-processing step is required
for two reasons: firstly, as stated before, the file may contain duplicated packets. QCompensate
will remove any duplicate data it encounters. Secondly, each packet contains only a single time-
stamp taken when the packet’s last sample was retrieved. As the sampling frequency is variable,
it is also transmitted along with each packet. Both information are then used to recalculate the
time-stamp for every sample. Additionally, data may also be retrieved form the connected base
station using its sniffing mode. Packets obtained this way are treated the same, as if they were
retrieved from a local file.
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Afterwards, different operations – specified by the user as parameters when launching the ap-
plication – are applied to the data. Samples may be low-pass filtered using a user-supplied
window-size, both before and after optionally applying any compensation algorithm. Compen-
sation algorithms may be applied both with or without prior masking (see Section 4.3) which
has different results depending on the compensation algorithm used. Both may be skipped en-
tirely as well. This is useful in some situations that we are going to explain below. Before any
compensation algorithm is applied but after the first (optional) low-pass filtering, the data may
also be sub-sampled to speed-up processing. This may influence the compensation algorithm,
however, as we will discuss in the last part of our evaluation.

Additionally, QCompensate may generate statistics about the data: the user may specify an
output file and a time interval. Using these information, average and standard deviation are
computed for sub-intervals of the given length as well as for the whole signal. These statistics
are output into the specified file, separated by signal (in our use-case typically object and ambient
temperature reading as well as battery). Also, reference measurements may be read from another
file and are used to evaluate the accuracy of the final signals (both, raw or processed data – as
described above).

Lastly, QCompensate may output visual representations of the data. We use the Matplotlib
rendering library to output plots for (a subset of) our data in a single file or in multiple files
separated by signals. All the plots of this thesis were generated that way. Alternatively, data
may be output through a minimalistic web-interface, shown in Figure 12. This is used for remote
access and for being able to see data of the current measurement while it is running, as the web-
interface is the only interactive mode of QCompensate. Currently, it is rather limited, though,
and would need to be extended for field usage. Due to the bursty nature of the communication
between the measuring nodes and the SD node, it is not possible to see a live plot of the current
measurement, though (the visualization is up to 12 minutes behind the measurement, depending
on the current sampling rate).
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Figure 12 – Minimalistic web-interface of QCompensate used for remote access and visualizing the
current measurement. Plot shown in the screenshot was previously shown in Figure 2.
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4 Artifact compensation

As explained in Section 2.3, the infrared thermopile is susceptible to measuring artifacts induced
by external influences (rapid changes in temperature). The severeness of these artifacts, however,
is dependent on the context. To understand typical artifacts and how they can be compensated
for, we experimentally took measurements in a variety of situations. In the first part of this sec-
tion (Section 4.1), we describe these scenarios and the impact upon the resulting measurements.
Based upon that, we describe our observations in the second part of this section (Section 4.2).
Finally, we elaborate on our attempts at compensating the artifacts based on our observations
in Section 4.3.

Note, that in this section we only show noteworthy example plots. We selected plots that show
certain properties of the system very clearly or are otherwise of particular interest. We included
some additional plots for the interested reader in Appendix A.
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Figure 13 – This figure shows the behaviour of the system in a constant environment and no
significant physical activity of the patient. The ambient air temperature was at 19 ◦C throughout
the whole measurement.

Using the architecture outlined in Section 3, we collected traces of temperature readings from the
sensor. Additionally, we measured the ambient air temperature with an off-the-shelf thermome-
ter. We did not use a calibrated thermometer because we were only interested in the relative
change in ambient air temperature and not exact absolute values. The first 30 - 45 minutes of
every test were always periods of no activity and no change in environment to allow the tem-
perature of the sensor housing to settle (thermal equilibrium). As can be seen in Figure 13, the
beginning sees a steep increase in the sensors ambient temperature readings and corresponding
artifacts for the object reading that is caused by the adaption of the sensor packaging tempera-
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Figure 14 – This recording, too, shows long periods of no activity. The ambient air temperature
was at 19 ◦C. At 10:18, the patient was going to the bathroom for 6 minutes which had an ambient
air temperature of 23 ◦C.

ture to the body temperature. Further note, that it takes roughly 20 - 30 minutes for the sensor
to reach its thermal equilibrium. This value depends on the initial temperature of the sensor (in
our cases room temperature). For temperatures further away from the body temperature, e.g.,
the ones experienced during winter, it would take slightly longer to reach the equilibrium.

Though we also recorded some test measurements during February in Germany (winter), the
measurements shown in this thesis were all carried out from April till July in Sweden (Spring
and Summer).

4.1 Characterization of infrared thermopiles

In the following, we will elaborate on the behaviour of the infrared thermopile that we observed
in each situation.

No environmental changes

In this scenario, the test person was watching a movie. The ambient air temperature remained
constant during the whole time (at around 23 ◦C). Figure 13 shows the resulting (raw) sensor
readings.

In general the object temperature reading is more noisy than the ambient temperature reading,
despite the fact that the sensor already filters the data internally (according to its technical
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Figure 15 – This figure shows the artifacts when going outside to read a book, first in the sun
(15:34) and then later, at 16:13 moving to the shadow (24 ◦C) before finally going back inside (16:52
– 25 ◦C). Note that strong wind may also affect the measurement (around 15:55).

datasheet [1]). Finally, the ambient temperature reading also shows some variation over time,
though with a much lower frequency and amplitude. This could potentially be caused by moving
artifacts or very subtle changes in ambient air temperature.

Short change in indoor location with differing ambient air temperatures

This scenario closely resembles the previous one. Again, the test subject was watching a movie.
But this time we introduced a short bathroom break. The difference in ambient air temperature
between these two rooms was 4 ◦C. Though in this case the measurement is specific to the
bathroom, it should also apply to other short changes in (indoor) location – for example when
going to the kitchen to get a cup of tea or when going to the basement to retrieve a bottle of
juice.

The difference in ambient air temperatures can be clearly seen in the ambient temperature
reading shown in Figure 14. The object temperature reading is also affected but to a much lesser
degree. Note, that it takes a significant time after the end of the change to regain the thermal
equilibrium. This can be clearly seen in the object temperature reading (from 10:25 till 10:40
the object temperature is still recovering).
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Figure 16 – This measurement was taken in the evening to capture the decline in body temperature
happening in the late evening/night. Ambient air temperature was at 25 ◦C.

Change between indoor, sunny and shaded outdoor locations

Changing between indoor and outdoor locations has the potential to influence measurements
more significantly. Differences in ambient air temperature (between indoor and outdoor) can
be quite significant, especially in winter and summer. Further, some places may be protected
from wind whereas in others it is even increased, e.g., due to urban canyon effects. Sunny and
shadowed places may also vary even when they are very close by, as shown in Figure 15.

Natural decline in body temperature

Figure 16 shows the decline in body temperature in the late evening hours and how it also affects
the ambient temperature reading. Compared to the previous two cases, this time the change in
temperature was not due to changes in air temperature. But, as the sensor itself is inside the ear,
its package temperature drops when the body temperature decreases while the room temperature
stays constant. The decline in body temperature itself is due to the regular circadian rhythm
of core body temperature. Figure 17 shows the principal course of the core body temperature
throughout a day for comparison.

Food intake

Besides the circadian rhythms of core body temperature, there are other, non-external aspects
that have an influence upon the measurements. One such aspect is the digestion of food. In
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Figure 17 – Principle course of the circadian rhythm of core body temperature. Loosely modeled
after [4].

Figure 18 one can clearly see the impact it has upon the body temperature: from 19:41 to 21:00
the patient was eating. Though it results in a short-term change in temperature readings, it is
clearly not an artifact.

The figure also shows another artifact that is different from the ones shown before and in the
following. At around 19:32, both temperature readings drop significantly. Contrary to changes
in ambient air temperature (compare drops in Figure 15 – the drops there are slightly more
compressed on the time axis), the drop is not progressive but occurs between two samples (0.3 ◦C
between two samples according to our logs). Therefore, it is likely caused by something else. We
did not find out what caused it though, as there were no notable external influences or patient
activity during that time.

Motion artifacts

To investigate whether the artifact mentioned at the end of the part discussing the intake of
food is a motion artifact, we did another measurement in a constant environment. Figure 19
shows the results: Jumping on one spot for 30 seconds (around 11:45), moving around quickly
(around 11:54), tilting to the left side in a 90 ◦ angle for one minute, followed by tilting to the
right side for the same amount of time (around 12:03), as well as tilting only to the right side for
5 minutes (around 12:23-12:28) can be clearly distinguished. Unfortunately, these actions, that
are a lot more extreme compared to all our other measurements, result in rather typical artifacts.
Therefore, we are still unsure what caused the atypical artifact described above (Food intake).
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Figure 18 – This measurement shows the impact of eating upon the body temperature: from
19:41 till 21:00 there was a constant intake of food. Ambient air temperature was at 22 ◦C.

4.2 Observations

When patients move between different rooms of a house or change between indoor and outdoor,
the ambient temperature of the surrounding air differs. Our sensor is worn close to the body.
Therefore, the ambient temperature reading obtained from it does not reflect the real ambient
temperature of the surrounding air. Instead, the ambient temperature reading reaches an equilib-
rium between the body temperature and the air temperature after approximately 20 - 30 minutes
of no change in air temperature (actual duration depends on the temperature difference between
locations – see previous subsection).

To summarize, during our measurements, we noticed the following (potential) issues:

• Measurements heavily depend on a number of external factors such as ambient air temper-
ature, wind blowing towards the sensor and sun shining directly onto the ear node.

• Further, the circadian rhythm, food digestion and physical activities influence the body
temperature – making it difficult to compare two measurements directly even under oth-
erwise similar conditions.

• Another aspect that may lead to some artifacts or incorrect measurements may be the
misplacement of the ear node. Though we could not directly observe such incidents, some
artifacts were neither triggered by obvious external or internal factors as those mentioned
above. Figure 18 shows such an artifact around 19:30.

The measurements introduced in Section 4.1 show one common characteristic: during thermal
equilibrium of the sensor, the difference between the object and the ambient signal is approxi-
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Figure 19 – Measurement taken to show motion artifacts, e.g., jumping for 30 seconds (around
11:45) and tilting to the right side for 5 minutes (around 12:23 to 12:39).

mately constant. This can be clearly seen for example in Figures 13, 14 and 16. Figure 20 shows
the difference between object and ambient reading and its median for the measurement shown
in Figure 14. The change in difference between 10:17 and 10:38 clearly marks the time during
which the sensor was not in thermal equilibrium. This deviation is caused by differing slopes
of both signals and can be observed in other measurements as well. However, though object
temperature readings may be off during times of disequilibrium, they do not have to exhibit
significant artifacts. Figure 33 in Appendix A shows such an example. There, the ambient tem-
perature is changing significantly throughout the whole measurement but the object temperature
is only slightly affected. An example where both readings are changing throughout the whole
measurement but the signal is valid throughout the whole time is depicted in Figure 16 of Section
4.1.

More plots of this type can be found in Appendix A, where we included plots with differences
and median differences for some of the measurements we did throughout our work.

Figure 21a is a good example showing that the slopes of ambient and object temperature have a
different steepness. Examining the difference between object and ambient temperature (Figure
21b), one can see that it only deviates significantly from the median difference in areas with lots
of artifacts. Further, the deviation from the median difference has approximately the same size
and shape of the artifacts itself.

Liess et al. [21] stated that the error could be compensated with the first derivative of the
measured ambient temperature. Trying to apply this form of compensation on our data only
increased the noise of the signal. As such, we outline different methods for compensating the
artifacts in Section 4.3.
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Figure 20 – Difference and median difference between object and ambient temperature readings
of the measurement shown in Figure 14.

4.3 Compensation algorithms

As explained previously, artifacts are only introduced when the sensor is not in thermal equi-
librium. Samples acquired during thermal equilibrium can therefore be regarded as valid, i.e.,
compensation schemes do not need to be applied to them. In the following part, we describe
our scheme for detecting and labeling – henceforth called masking – samples that are potentially
influenced by artifacts as the ambient temperature around that time was not stable enough. It
is used in our different attempts at compensating the artifacts. Therefore, we discuss masking
separately before the actual compensation methods.

Masking

The first derivative of the signal, i.e., its slope, gives a first indication of the stability of the
ambient temperature reading. As we are not concerned about its direction, we only need to
consider the absolute value of the first derivative. In case it is significantly greater than zero, we
can clearly say that the sensors temperature was influenced by an external temperature gradient
and hence mask the corresponding sample. However, the opposite is not true in all cases, e.g.,
at the turning point of a local extrema, the first derivative is zero by definition. That is why the
first derivative can only be a first indication.

Calculating the differential quotient proved unstable for our data. Hence, we use local linear
regression (see Section 2.4.1) to approximate the first derivative of the ambient temperature
reading. In case the absolute value of the first derivative exceeds a pre-defined threshold, the
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(b) Difference between object and ambient

Figure 21 – Measurement with part of the time – between 12:45 and 14:06 – spent outdoor and
difference between object and ambient temperature reading.

sample is masked. Otherwise, the average based method described below will be applied to it.
As the first derivative is useful to some of our compensation schemes, it is stored for later use.

To mask short-term artifacts that were caused by rather small external temperature changes, we
compute a moving average of the whole signal and compare each sample with it. Samples that
deviate too much (defined by another threshold) from the local average are also masked.

After these two steps, the resulting mask is rather fragmentary – that means some samples are
masked, with only very few around them being also masked or there are holes in larger patches.
To overcome the latter, we enlarge the area around each initial patch of mask, i.e., a defined
number of adjoining samples left and right from the currently masked samples are masked as
well. Afterwards, there are still some small patches in areas where there should not be any.
Thus, we filter out patches of our mask that are too small. Next, we shrink each patch of mask
again to offset the initial enlargement: given a continuous sequence of masked samples, the left-
and rightmost samples are removed from the mask. Figure 22 shows the mask before and after
filtering the mask this way.

Finally, we compare the object temperature against a user-defined threshold. Readings outside
the range 32 - 42 ◦C are not typically encountered when dealing with the core body temperature.
Consequently, we use this range as a default and these samples are also masked.

4.3.1 Interpolation

As a first approach, we tried interpolating samples that were masked previously. Though we tried
different (mostly iterative) interpolation methods, we will only describe Bézier curve interpolation
here, as it gave the best results among them all.

Due to the periodic long-term change in our signal – the circadian rhythm of core body temper-
ature – the measured signal is not flat. Linear interpolation of masked areas would therefore not
sufficiently approximate the original signal. However, close to masked areas, we can derive the
curvature of the valid signal and use it to interpolate the masked area in a way that preserves
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(a) unfiltered mask
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(b) filtered mask

Figure 22 – This figure shows the masking algorithm applied to the measurement shown previously
in Figure 21a. Gaps in the unfiltered mask (a) are closed in the filtered version of the mask (b).
Some regions of the mask may look enlarged in (b) compared to (a). Samples triggering this
behaviour may not be visible in (a) as we only show a sparse representation of the mask to reduce
visual clutter.

the overall shape of the original signal. To accomplish this, we use the last sample before and
the first one after a masked area as p0 and p3 for a Bézier curve interpolation (see Section 2.4.3).
We construct the values for p1 and p2 from p0 and p3 and the approximated first derivative at
these points: p1 := p0 + w1 p

′
0 where p′0 is the approximated first derivative at p0 and w1 is a

scaling factor. The point p2 is constructed accordingly from p3, p′3 and w2.

For short-term artifacts this method produces reasonable results, as the real core body tem-
perature can not deviate too much from the interpolated one during that time. However, for
long-term artifacts, this assumption may not hold, as the body temperature may deviate increas-
ingly with the duration of the artifact. The explanation for this circumstance is that the core
body temperature is regulated and therefore changes only slowly. Further, we know the (approx-
imately correct) temperature before and after an artifact. Artifacts at the very beginning or end
can only be replaced by a linear continuation, starting from the last non-masked sample value
and pointing into the direction of the signal’s slope around this sample.

4.3.2 Devsub: Compensation based on deviations from median difference.

In Section 4.2, we described our observations concerning the median difference between object and
ambient temperature readings. From these considerations we derived Equation (5). Henceforth,
we will refer to this approach as Devsub.

Comp = Obj + (Obj−Amb−median(f(Obj)− f(Amb)))︸ ︷︷ ︸
deviation from median difference

(5)

Here, Obj denotes the whole set of object temperature samples – analogous for Amb (ambi-
ent temperature) and Comp (compensated object temperature). Further, Comp denotes the
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Figure 23 – Equation (5) applied to the measurement shown in Figure 21a.

compensated signal and f(x) is a function that chooses an interval from x. During our mea-
surements, we made sure that during the first 30 - 60 minutes the sensor could reach equilibrium
and no artifacts would be triggered. As such, this interval can be used to reliably determine the
median difference that is used in the equation above. As noted in the beginning of this section,
the very beginning of each measurement exhibits a steep increase in both temperature readings.
Therefore, these first samples are discarded and only the following samples are used to determine
the median. The result of applying this equation to the measurement mentioned at the end of
Section 4.2 can be seen in Figure 23.

Note though, that the median difference varies depending on the situation: for our measurements
we observed median differences in the range of 0.8 ◦C to 1.9 ◦C. This is particularly cumbersome
when the measurement reflects a concatenation of different scenarios. Figure 39 in Appendix
A shows such an example. It depicts the difference and median difference for a measurement
taken during the night (Figure 34). Here, applying this method for the whole measurement
introduces significant errors during parts of the sleeping period (see Figure 40 in Appendix A).
The compensated signal closely reflects our reference measurements that we did before going
to sleep and after waking up. However, between 03:00 and 08:30 the compensated signal goes
into the wrong direction and should rather be higher than the object signal instead of being
lower. The cause for this problem is that during sleep the difference between object and ambient
temperature decreased. As it happened reliably during all our measurements involving periods
of sleep, this is clearly not an artifact.
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(a) Frequency distribution of differences for the
measurement shown in Figure 13
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Figure 24 – Frequency distribution of differences between object and ambient temperature readings
for two different scenarios: (a) with no artifact and (b) including a sleeping period. The impact of
the sleeping can be clearly seen around 0.18 ◦C.

4.3.3 Devsub (clustered)

To offset this limitation, instead of using a single interval for computing the median, we tried to
consider a few of them. However, choosing continuous intervals that would give the right value
proved difficult. As a result, we looked at the frequency distribution (often visualized as his-
tograms) of the difference between object and ambient signal. Figure 24 shows the frequency dis-
tribution for two different measurements: Figure 24a clearly shows one major difference whereas
the distribution shown in Figure 24b clearly contains a major region around 0.18 ◦C that corre-
sponds to the time spent sleeping. The value computed by the non-clustered version of Devsub
is 0.66 ◦C. Other areas mostly correspond to artifacts.

As typically up to one third of our time is spent sleeping, the corresponding values should account
for a significant portion of all samples. As such, we need to determine accumulations in the
frequency distribution. Clustering algorithms are a method to estimate these local accumulations.
Using the k-means clustering algorithm, we calculate two cluster centers. Afterwards, both are
assessed for their validity by determining how many samples are close to them compared to the
overall number of samples. In case one or both of them are considered valid, we choose the
one farther away from the median value computed before. This cluster center is then used as
a second median value alongside the original one. This second version of the scheme then uses
the value closer to the difference of object and ambient temperature for each sample. This may
result in an unstable behaviour in regions where the difference fluctuates around the decision
value (as can be seen in Figure 41 in Appendix A).

However, it also gives a slightly better behaviour, in case a sleeping period is part of the measure-
ment. In other situations, it mostly mimics the original version, not worsening the behaviour.
Only in one out of ten of our measurements we noticed an unstable behaviour. Notably, it was
usually locally constrained and only occurred in a few spots.
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(b) degree 7
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(d) degree 13

Figure 25 – Polynomial regression with different degrees applied to a 24 hour measurement.

4.3.4 Polynomial Regression

As mentioned earlier, the core body temperature approximately follows a periodic function.
Further, the function of the core body temperature against the time is continuous and changes
only slowly. That means, given enough valid samples not affected by artifacts, it should be
possible to learn this function from a small sequence of observations.

As continuous functions can be approximated locally by polynomials, we tried to use polynomial
regression on non-masked samples to infer the underlying function. This has the advantage of
getting rid of small artifacts that have not been masked before. However, the degree of the
polynomial that has to be used depends on the length and structure of the signal itself. Short
measurements and those with little overall changes only need a small degree whereas longer
measurements and those with a lot of changes (e.g., due to physical activity) need a higher
degree. Further, choosing a degree that is too high makes the underlying optimization problem
badly conditioned which results in unstable behaviour.
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Figure 25 shows polynomial regression of different degrees applied to a longer measurement. Note,
that a degree of 4 does not properly reflect the beginning, whereas a degree of 13 already picks
up too many specifics from individual sample groups – leading to overfitting. Here, a degree of
8 - 9 would be most appropriate. For other measurements, this value would be different, though,
ranging from single digit numbers for short measurements, covering less than a day, up to large
double digit numbers for measurements covering more than a week.

Like the interpolation approach outline above, this method requires meaningful samples and
badly deals with short measurements or high percentages of masked samples. And although
this approach shows a greater promise in our mind than the simple interpolation approach, it
currently requires major manual adjustments of parameters for every single measurement. That
is also why we will not evaluate it in the next section, since the compensation should work
”out of the box” without requiring reference temperatures or expert knowledge for every single
measurement.
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5 Evaluation

Having outlined our architecture and our compensation schemes, we evaluate our sensor node
implementation and the compensation schemes in this part of the work. First, we discuss the
energy efficiency of our nodes and some aspects impacting it in Section 5.1. Second, compen-
sation schemes are evaluated in Section 5.2 for how accurate they are compared to a reference
measurement; and finally we evaluate whether a change in sampling frequency has any impact
upon the accuracy.

5.1 Efficiency

In this section we describe our efforts at achieving a runtime of two to three weeks on a single
battery charge, using rechargeable batteries of reasonable size. We will limit our reflections on the
ear node because it is the only node where total weight and size are critical. The SD node can be
carried around in a pocket or placed on a nearby desk. As such, it can be equipped with batteries
of higher capacity and weight (e.g., a pair of rechargeable AA batteries). Nevertheless, both nodes
share a common code base and as such are comparable except for their sensor/additional storage.

Energy/power consumption

Though energy consumption has to be addressed for all battery-equipped nodes, it is especially
critical for the ear node. The base station is connected to a computing device which supplies it
with energy. The SD node does not have as strict weight and size constraints as the ear node
and can therefore be equipped with bigger batteries. In contrast, the ear node should be as
unobtrusive as possible. That means it should be light enough to not wear on the patient’s ear
and it should be small enough to allow the wearer to behave normally, i.e., the patient should
be able to sleep like they are used to without having to refrain from lying on the ear node’s side.

Device maximum current draw (mA)
CPU (standby) 0.31
CPU (idle) 0.8
CPU (active) 2.5
Radio (transmit) 14.5
Radio (receive) 12.5
MLX90614-DCA 2.0

Table 1 – Maximum specified current draw of devices in our system according to [2, 1].

As stated in Section 3, the whole system should be able to record data for up to three weeks
without having to replace the battery in any of the nodes involved.

Table 1 lists the maximum current draw as specified in the respective datasheets [2, 1]. All
devices are operated at 3V. As can be seen, the radio has the most significant impact on the
power consumption. Without power optimization, we would need a battery with ≈ 10 000 mAh
of capacity. This would correspond to a battery size comparable to the one used in contemporary
notebooks and tablets.

For initial testing of the hardware and communication between single nodes, we did not use any
MAC or RDC protocol. Contiki supplies dummy protocols called nullmac and nullrdc for these
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purposes. Once communication was working as expected, we switched to using the CSMA MAC
protocol and ContikiMAC for RDC. For some of our measurements, we used X-MAC instead of
ContikiMAC due to problems with the latter: after a varying amount of time (0.5 - 18 hours),
the ear node stopped sending frames over the wireless network. From the node’s perspective,
every other node stopped communicating and the node kept on measuring temperatures and
storing them locally in buffers. However, the other nodes could still communicate successfully
with each other. Even after a long time of debugging and trying different solutions, we could
not pinpoint the bug. Therefore, we switched all nodes to Contiki’s implementation of X-MAC.
Using X-MAC, we did not observe this problem. Though more stable, X-MAC has the drawback
of an increased power consumption: the implementation of X-MAC supplied with Contiki has
less strict timing requirements according to its documentation. Switching to X-MAC, however,
increased the average power consumption to 6.5-7 mA which would make it unsuitable for long-
term (> 7 days) measurements. Using ContikiMAC, we achieved an average power consumption
of ≈ 3 mA for the ear node. At 3 V, this would require a battery with a capacity of ≈ 1500 mAh
for a runtime of 21 days. A lithium-polymer battery of that capacity has roughly the same size
as our ear node and weighs 25 g which is still acceptable.
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Figure 26 – Result of the approach outlined in Section 4.3.1 applied to the first test measurement.
Average and standard deviation of the absolute difference are 0.3360 ◦C and 0.1188 ◦C.

Limitations of our prototype impacting the energy consumption

There are other aspects that have an influence upon energy consumption: we noticed that when
using ContikiMAC, up to 90 % of all transmissions are not successful when the head blocks the
line of sight between source and sink completely. The same may happen if body parts like legs
or electronic equipment like a laptop are in between both. In such cases, the ear node will try
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to resend the current frame every three seconds until it was delivered successfully, i.e., until it
successfully received an ACK from the sink. Further, ContikiMAC resends the data section of
the current frame until either the receiving node woke up and acknowledged the reception or
a timeout is hit. Both aspects taken together may increase the average energy consumption
noticeably (depending on the situation 0.1 - 0.3 mA, equalling an increase in power consumption
of up to 10 %).

With X-MAC, we did not notice such problems and reception was always superior to ContikiMAC
(both, at a distance and when blocked by other objects). Given the greater power consumption
of X-MAC, however, it should be worth spending more efforts making ContikiMAC more stable
when using our platform’s radio.
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Figure 27 – Result of the approach outlined in Section 4.3.2 applied to the first test measurement.
Average and standard deviation of the absolute difference are 0.2039 ◦C and 0.1376 ◦C.
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Figure 28 – Result of the approach outlined in Section 4.3.3 applied to the first test measurement.
Average and standard deviation of the absolute difference are 0.2512 ◦C and 0.1393 ◦C.

5.2 Accuracy

To evaluate our compensation methods, we picked situations that we knew were resulting in
significant artifacts or other signal properties that are difficult for at least one of the schemes
proposed (e.g., decreasing difference between object and ambient signal during sleeping periods).
Out of these measurements, we selected two that best show the shortcomings of the compen-
sation schemes we looked at in Section 4.3. We took reference measurements under the tongue
with a Braun PRT1000 thermometer according to the best practices outlined in its user manual.
Samples were taken at a fixed period of 5 minutes and interpolated to obtain an approximation
of the real temperature during these situations. Though the accuracy of the thermometer was
declared to be 0.1 ◦C, we noticed a slightly greater variability during our measurements. There-
fore, we applied a gaussian low-pass filter to it – as the body temperature should not change
0.2 ◦C within 10 minutes without any major external influences or physical activity.

For each situation and compensation scheme we calculated the difference between reference tem-
perature and compensated signal. In the following discussion we report the average and standard
deviation of the absolute difference for each measurement/compensation method combination.

Figure 26 through 31 show the result of applying the compensation schemes to the evaluation
measurements. Plots showing the raw measurements – Figures 42 and 43 – can be found in
Appendix A. They include the ambient temperature signals for reference.

Both results obtained using Beziér interpolation show the weakness of the interpolation approach:
the resulting signal depends foremost on the masking algorithm and a small subset of samples.
The last third of the resulting signal shown in Figure 26 obtains its value from samples collected
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Figure 29 – Result of the approach outlined in Section 4.3.1 applied to the second test measure-
ment. Average and standard deviation of the absolute difference are 0.1344 ◦C and 0.0906 ◦C.

during the 1-2 minutes before the masked area. Also, the masking algorithm does not detect the
slow decrease in temperature as an artifact, resulting in a signal that is significantly lower than
the reference temperature. The same holds for the end of the second evaluation measurement as
show in Figure 29.

Additionally, the interpolation approach retrieves most of its information from the object tem-
perature reading. Even if samples are not in the vicinity of a major artifact, influences from a
previous one or an external influence, which cause only slow changes, may result in a significant
deviation from the reference temperature which is then picked up by this approach. Figure 26
shows such an example between 22:20 and 22:40. It can also be observed in the example shown
in Figure 29 towards the beginning.

Devsub is able to partly offset the latter limitation by combining the object and the ambient
temperature reading. The same region in the first evaluation measurement is treated differently,
as it can be seen in Figure 27. Nevertheless, the slow change in ambient air temperature still
results in a noticeable deviation from the reference temperature measurement. In comparison,
the drawback observable with the second evaluation measurement (Figure 30) is more significant:
during the sleeping period, the difference between the object and the ambient temperature read-
ing decreases. As we could observe this behaviour also in other measurements including sleeping
periods, this is not an artifact. Indeed, this breaks the basic assumption of a constant difference
between both readings that this approach is based on – resulting in the shown behaviour.

To counter this very limitation, we introduced the clustered version of this scheme. As can be
seen in Figure 31, the latter part of the resulting signal does not suffer the same drawback.
Rather, around 15:55, a different kind of inaccuracy is introduced as the algorithm switches from
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Figure 30 – Result of the approach outlined in Section 4.3.2 applied to the second test measure-
ment. Average and standard deviation of the absolute difference are 0.6602 ◦C and 0.3378 ◦C.

one cluster center to another.

Both versions have in common that they fail to compensate the artifact in the latter third of
the second evaluation measurement (Figure 30 and 31 respectively) – from 16:20 to 16:35. We
encountered this kind of artifact in at least one other measurement but only with a slight impact
on the signal. It is also very atypical as both readings drop very fast at the same time while
the difference stays constant. Thus, we think it has its origin in a different technical aspect and
is not related to the other artifacts. As it is not an artifact these algorithms were meant to
compensate, it may be necessary to tweak an interpolation algorithm to detect and remove only
these kind of artifacts after one of the two versions was applied to it.

Even though the results obtained using Beziér interpolation are not drastically worse than those
obtained using Devsub (or its clustered version), we would advise against it for a future work as
it relies too heavily on a subset of samples and can not abstract from the underlying masking
algorithm. Both versions of Devsub exhibit more predictable behaviour than interpolation but
each suffers from a different drawback in a specific situation. Finally, no method achieves an
accuracy of 0.02 ◦C that would be needed for medical applications.

Impact of sub-sampling

To see whether our sampling strategy has any impact on the accuracy we sub-sampled our
evaluation measurements with a constant sub-sampling pattern, selecting every n-th sample and
rerunning our evaluation. The evaluation measurements were recorded with an average 1/5 Hz
sampling rate. Choosing a sub-sampling rate of 3 results in an emulated 1/15 Hz sampling rate
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Figure 31 – Result of the approach outlined in Section 4.3.3 applied to the second test measure-
ment. Average and standard deviation of the absolute difference are 0.1920 ◦C and 0.1329 ◦C.

which is the lowest one we potentially employ. Nevertheless, we also included results from the
sub-sampling rate of 4 to see whether an even lower sampling rate would still give similar results.

The non-deterministic version of Devsub (clustered) was run 25 times and we report minimum,
maximum and average of the resulting average and standard deviation. The version not using
clustering and the interpolation are deterministic, always giving the same result. As such, they
were run only once.

Table 2 shows the result for each measurement, as discussed above in this section, and sub-
sampling combination. Devsub does not see any significant change. As it does not rely on any
specific samples, this is not surprising. The clustered version of it is slightly more difficult to
evaluate, as it is not deterministic. However, even when sub-sampling, the underlying frequency
distribution does not change significantly. Consequently, the cluster centers are chosen similarly
and the algorithm behaves mostly the same. As such, an even lower sampling frequency can be
used to lower the energy consumption.

Finally, the Beziér interpolation shows improvements for both measurements when sub-sampling.
This observation is rather counter-intuitive as one might expect regressions rather than improve-
ments. The reason for the improvement is two-fold.

First, the algorithm uses masking to choose which samples to interpolate. The masking itself
relies on small groups of samples exhibiting certain properties such as a significant, sudden change
in this group. Though we tried to make the masking independent from the sampling frequency
by adjusting values based on it, the masking does choose slightly different subsets of samples
when intermediate ones are missing. As a result, some samples may be masked that were not
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before and vice versa.

The second reason that it behaves differently is, that different samples have a vastly different
impact on the end result. The group of samples close to a masked area have the highest influence
upon the end result as masked areas are interpolated from them. As this method is only using
local information – as opposed to regression using all non-masked samples – this reliance on
a small subset of samples is not avoidable. Additionally, this effect is amplified by the size of
neighboring masked areas. In both cases here, masking slightly different samples resulted in
different samples gaining the high weight others had before. Incidentally, their value was closer
to the reference temperature which resulted in this noticeable change in accuracy. Figure 32
visualizes this relation. It shows the first evaluation measurement with a sub-sampling factor of
2. For our other collected measurements, the algorithm also chose differing samples when using
sub-sampling. However, in these cases they did not result in such drastic changes.
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Figure 32 – Improvement of the interpolation because of the reliance on slightly different samples
when using only every second of the collected samples.
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scheme measurement sub-sampling average in ◦C std. dev. in ◦C
Devsub 1 1 0.2039 0.1376
Devsub 1 2 0.1980 0.1335
Devsub 1 3 0.1966 0.1204
Devsub 1 4 0.1902 0.1129
Devsub 2 1 0.6602 0.3378
Devsub 2 2 0.6739 0.3371
Devsub 2 3 0.6568 0.3361
Devsub 2 4 0.6720 0.3401

min 0.1749 min 0.1118
Devsub (clustered) 1 1 avg 0.2422 avg 0.1347

max 0.2668 max 0.1472
min 0.1704 min 0.0994

Devsub (clustered) 1 2 avg 0.2298 avg 0.1206
max 0.2562 max 0.1340
min 0.1581 min 0.0874

Devsub (clustered) 1 3 avg 0.2171 avg 0.1140
max 0.2554 max 0.1295
min 0.1680 min 0.0981

Devsub (clustered) 1 4 avg 0.2289 avg 0.1188
max 0.2459 max 0.1253
min 0.1862 min 0.1315

Devsub (clustered) 2 1 avg 0.1915 avg 0.1328
max 0.1979 max 0.1341
min 0.1917 min 0.1322

Devsub (clustered) 2 2 avg 0.1975 avg 0.1330
max 0.2015 max 0.1335
min 0.1827 min 0.1308

Devsub (clustered) 2 3 avg 0.1900 avg 0.1318
max 0.1947 max 0.1324
min 0.1907 min 0.1330

Devsub (clustered) 2 4 avg 0.1940 avg 0.1333
max 0.1978 max 0.1337

interpolation 1 1 0.3360 0.1188
interpolation 1 2 0.1538 0.0821
interpolation 1 3 – –
interpolation 1 4 – –
interpolation 2 1 0.1343 0.0906
interpolation 2 2 0.1200 0.0490
interpolation 2 3 0.0974 0.0667
interpolation 2 4 – –

Table 2 – Accuracy of the different schemes when using sub-sampling. A dash indicates that it
was not possible to use the scheme, e.g., because all samples were masked. Measurements 1 and 2
correspond to Figure 42 and Figure 43 respectively.
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6 Related work

Body sensor networks have been studied for some years now. MIThril [15] in 2003 was already
capable of recording data from multiple sensors, processing signals locally and communicating
results to an off-body location through wireless networks. However, sensors were still wired to
a central processing unit, a PDA. In 2005, Lo et al. [7] reported on their hardware platform,
which employed the IEEE 802.15.4 standard for low-power personal area networks standardized
in 2003. This removed the need for wiring sensors to a central unit and henceforth improved
flexibility in placement and use cases. We use a similar approach for our work, only substituting
the PDA with an SD-card equipped sensor node. Similarly, our sensor nodes are IEEE 802.15.4
compliant. Another approach taken for example by Zhong et al. [27] is to employ phones as
central processing and storage node. Smart phones have become ever more popular recently,
reducing the need for an additional node that patients have to carry around.

Contrary to these prior studies, we focus on measuring the core body temperature. In previous
research, it has typically been measured with rectal probes [18] (see for example the work by
Kurt Kräuchi [20]). To offset the drawbacks involved with measuring the core body temperature
at the rectum, we employ infrared thermopiles for measuring the core body temperature at the
tympanic membrane. Ingestible thermometers [14] are an alternative for continuously measuring
the core body temperature; however, they leave the body after 18 to 30 hours and need to be
reclaimed, recharged and reingested.

The suitability of infrared thermometers for measuring the core body temperature has been
researched for children [13] and adults [25], showing promising results. For athletes during
exercise [11], too much deviation from rectal temperatures has been observed. We did not study
situations containing major physical activities of the patient in our work. Hence, we assumed
a structural error that does not vary over time and can be offset by calibrating the device on a
patient by patient basis. For a review of studies comparing different methods of measuring the
core body temperature and their accuracy, see Bridges et al. [9].

Chiang et al. [12] have proposed to use infrared thermopiles for continuous core body temperature
measurements. To our knowledge, they did not explore the problems associated with changing
environments and external thermal gradients, though. Their intended application includes fire
fighters and athletes practicing in the summer heat. Extreme thermal gradients are very likely
in both cases as these two scenarios are more extreme compared to the ones we investigated in
our work. Hence, they will likely also see artifacts as those we have demonstrated in this thesis.
As we have shown that these artifacts can be compensated, it should also be possible to apply
similar methods to these two scenarios, improving the overall accuracy of the measurements.

To compensate the artifacts typically encountered, we considered and evaluated a number of
post-processing methods. Liess et al. [21] proposed a series of derivatives for modeling the
error induced through external thermal gradients when taking measurements with infrared ther-
mopiles. Unfortunately, we were unable to reproduce this approach for our collected measure-
ments. We only observed increased noise levels, and therefore did not investigate this direction
further.

Lastly, we only constructed one set of prototypes for use by a single person. When doing
field studies with several different patients, configuring each sensor node individually becomes
cumbersome. Goos et al. have studied [5] the feasibility of easy setup of sensor nodes without
having to reprogram every single node when using it for a different patient. We currently do not
use a setup mechanism as the one proposed, though it would be desirable for a future work when
doing field trials with many different persons.
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7 Conclusions and future work

Being able to continuously measure the core body temperature in living environments of pa-
tients would facilitate research of the circadian core body temperature and associated fields.
We designed and implemented a body sensor network to continuously measure the tempera-
ture at the tympanic membrane using unobtrusive infrared thermopiles. Thermopiles have a
technical drawback that prevented them from being used before for continuous measurements
in environments with variable ambient air temperatures. To address this issue, we collected 22
measurements ranging from 70 minutes to 24 hours under defined environmental conditions using
the body sensor nodes we developed. Based on the experimental results, we investigated methods
for post-processing measurements in order to compensate artifacts introduced through thermal
gradients.

To assess the accuracy of our compensation methods, we chose two scenarios that we knew to
significantly influence the initial temperature readings and took reference measurements. The
evaluation has shown that our methods can offset these artifacts but do not yet achieve an
accuracy that is suitable for medical applications. This needs to be addressed in a future work in
order to provide a viable alternative to wired sensors currently employed in clinical environments.

The dataset recorded for this work and described in Section 4.1 only reflects a small fraction of real
world situations likely encountered in a field trial. As an example, the outdoor situations shown
neither include very cold nor very windy situations, both of which seem to be a major source
of measurement artifacts. Likewise, physical activity is not present in our dataset. Knowledge
about these additional situations should help to further improve the methods for compensation
thermal gradient related artifacts. Finally, we did not look at interpersonal differences either
and leave it for future work.

A different aspect of possible future investigation would be to study whether context sensors,
e.g., accelerometer or heart rate sensor, may help to improve accuracy by automatically detecting
for example sleeping periods and integrating it with Devsub.
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A Figures

This appendix includes additional plots for the interested reader. We did not comment these plots
in detail in the main report. Notably, they provide some context for the scenarios described in the
main report. Significant observations that were not mentioned in the main report are described
under their corresponding figures.
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Figure 33 – For this measurement no physical activity was exerted. Changes in ambient air
temperature were caused by air coming in through an open window. The ambient air temperature
at the beginning and the end was at 19 ◦C. Before the leave to the bathroom the ambient air
temperature dropped to 18 ◦C and slowly increased back to the original 19 ◦C (open window).
From 10:14 till 10:31, the patient was going to the bathroom which had an ambient air temperature
of 23 ◦C.
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Figure 34 – Measurement taken during sleep (00:30 - 08:30) with ambient air temperature at 23 ◦C
all the time.
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Figure 35 – Difference and median difference between object and ambient temperature reading for
Figure 13.
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Figure 36 – Difference and median difference between object and ambient temperature reading for
Figure 16.
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Figure 37 – Difference and median difference between object and ambient temperature reading for
Figure 18
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Figure 38 – Difference and median difference between object and ambient temperature reading for
Figure 15.

50



A FIGURES

12-08-10 00:00

12-08-10 01:00

12-08-10 02:00

12-08-10 03:00

12-08-10 04:00

12-08-10 05:00

12-08-10 06:00

12-08-10 07:00

12-08-10 08:00

12-08-10 09:00
0.0

0.2

0.4

0.6

0.8

1.0

1.2

Te
m

pe
ra

tu
re

in
◦ C

difference
median

Figure 39 – Difference and median difference between object and ambient temperature reading for
Figure 34.
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Figure 40 – Compensation method introduced in section 4.3.2 applied to the measurement depicted
in Figure 34.
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Figure 41 – Compensation method introduced in section 4.3.3 applied to a measurement involving
sleeping (00:30 - 09:35).
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Figure 42 – First Evaluation measurement showing two kind of artifacts: 1. slow decline in both
temperatures after 21:20 caused by an open window; and 2. sharp drop caused by going outdoors
at 23:00 and coming back 10 minutes later.
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Figure 43 – Second evaluation measurement showing an artifact not caused by any temperature
changes. This signal has the added difficulty that during the sleeping period (15:50 to 16:25) the
difference between both signals slowly decreases without any artifact being present.
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B Schematic

Figure 44 – Schematic of the ear node. On the right hand side is the voltage divider used for
sampling the battery voltage. The left-hand side of the microcontroller features mainly connectors
for interfacing with the infrared thermopile or for debugging and programming.
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