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Abstract—The concept of “wellness mobile” is one
wherein wireless handheld devices such as cell phones
are equipped with “wellness monitoring,” thereby enabling
real-time self-wellness monitoring by the cell phone user.
However, this new technology is still in its infancy, and
developing quantifiable measures of wellness and designing
intelligent monitoring systems is quite challenging. The
overriding purpose of this paper is to propose a simple well-
ness monitoring algorithm. The novel algorithm iteratively
computes and tracks the variations in clusters of biometric
measurements aiding in effective wellness management.
Stress is a key indicator of wellness in human beings, and
is widely regarded as a prime contributor to performance
degradation and errors during various human activities.
The proposed algorithm tracks the deviations in clusters of
skin temperatures measurements during different activities
to infer the stress states in humans. The advantage is that
this simple algorithm can be implemented on handheld
devices by deploying existing biometric sensors that are
available in most smart phones today. This will provide
cellular phones users an application to monitor their stress
states easily and consistently in a non-invasive way because
a stressed-out lifestyle is rarely a healthy one.

Index Terms—Wellness mobile, wireless healthcare, well-
ness monitoring

I. INTRODUCTION

With the development of cellular technologies, the
multitude of service providers and cell phone models
around, what began as a means of communication has
metamorphosed into a lifestyle device as seen in Fig. 1.
While 2G phones using global system for mobile (GSM)
technology and offered improved voice quality and lim-
ited data services, the 3G revolution has enabled us to
use audio, graphics and video applications. In the near
future, 4G applications are expected to include high-
performance streaming of multimedia content. It is thus
clear that the role of cell phones has metamorphosed into
entertainment devices, video and sound recorders, well-
ness monitors, internet browsers, MP3 players, cameras,
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Fig. 1. Mobile phone to enhance users’ “Quality-of-Life.”

navigation devices, data storage devices, and so on and
so forth as shown in Fig. 1. Overall wellness and physical
health statistics are increasingly important to many of
us. Continuous monitoring of biometrics will become
critical if preventive medicine becomes more prevalent
for defence against illness; embedding this feature on
cell phones or wellness mobile has thus been attracting
researchers from a gamut of disciplines [1]. The main
advantage of a wellness mobile is to facilitate consistent
real-time self-wellness monitoring by the cell phone
user. In this paper, we propose a ‘simple’ algorithm for
wellness monitoring.

Wellness is defined as “an integrated and dynamic
level of functioning oriented toward maximizing poten-
tial, dependent upon self-responsibility” whereas, health
is defined as the lack of disease [2]. Some well known
wellness inhibitors are stress, fatigue, diseases and ail-
ments and so on and so forth. In this paper, we choose
stress as an indicator of wellness in human beings.
Studies have shown that stress is highly correlated with
the wellness of a human being, and can cause various
diseases or ‘detectable’ conditions such as fluctuations in



temperature, increase in heart rate, etc. [3]. Monitoring
of certain biometrics can indicate our stress states, which
could be combined with other information, perhaps also
collected by cell phones to assist in inferring about
wellness. Thus, monitoring and managing stress can
help relieve the side effects of stress that prevents a
person from efficient living. In this paper, we propose
a novel stress recognition algorithm based on the statis-
tics obtained from observing temporal windows of skin
temperature measurements.

The rest of the paper is organized as follows. Sec-
tion II described the prior works. The proposed stress
monitoring model is presented in Section III. Section IV
outlines the methodology and experiments conducted.
Experimental results are discussed in Section V and
conclusions are presented in Section VI.

II. PRIOR WORKS

This paper adopts the physiologists’ view-point that
high stress is accompanied with large deviations from
normal processes such as body temperature, heart rate,
etc. It is a known fact that stress, emotional or physical
can cause sharp fluctuations in body temperature [4].
Other physiological measures (e.g., Electromyograph
(EMG), Electrocardiograph (ECG), respiration, and skin
conductivity) [5]–[8], and facial expressions and gestures
[9]–[10] have been exploited to detect human stress
during specific activities. In this paper, we propose to
use skin measurements to infer about human stress. Our
biometric choice is justified by the fact that skin tem-
perature overcomes the problems of physical discomfort
and difficulty associated with taking measurements of
the physical quantities in human beings [11]. Further,
using the finger for skin temperature measurements is
also cell phone user-friendly.

Researchers have been trying to deduce a relation-
ship between performing a stressful activity and skin
temperature. In [11], Kataoka et. al., developed a facial
skin temperature measuring system for non-contact stress
evaluation. A flexible self adhesive patch that could be
worn on the chest for professional heat stress monitoring
was proposed in [6]. In [7], the authors proved that there
is a high correlation between the skin temperature as
a measure for stress and fatigue. In [12], however, the
authors monitor instantaneous variations in skin temper-
ature to alert the personal digital assistant (PDA) user of
stress states. Finvers et. al., designed a bandage based
thermometer placed on the temple region of the forehead
to measure the core body temperature in a non-invasive
manner to track the patient wellness [13]. However, all
these approaches focus on tracking the instantaneous
variations of a single or multiple physiological quantities.

Often times, such approaches require more memory and
additional hardware, and this makes them less favorable
candidates for implementation on a wireless handheld
device.

In this paper, we investigate the relationship between
skin temperature and activity-induced stress states. The
proposed approach is novel in that it discerns stress states
in humans by tracking deviations in groups of periodic
skin temperature measurements. Further, the proposed
model takes into account the ambient temperature while
computing the differences in skin temperatures recur-
sively. In the paper, it is shown that variations in stress
states can be detected reliably using our single-modality
algorithm. Lastly, the simplicity of the proposed model
and algorithm makes it possible to utilize some of the
existing features/sensors available on the cell phones
without requiring any additional hardware for stress de-
tection but only through software implementation. This is
a step toward realizing the ‘wellness mobile’ application
that could be commercialized in the future [1]

III. STRESS-MONITORING MODEL

Here, we develop a human stress monitoring algorithm
to recognize stress during a daily lifestyle. A typical
diurnal routine comprises many activities, each associ-
ated with a different stress states; they can be broadly
classified as no, low, moderate, and high stress activities.
We hypothesize that the variations in the biometrics
will be markedly different for the distinct activities.
Further, we postulate that sharp and rapid fluctuations in
biometrics directly correlate with engagement-levels of
the different activities. Lastly, the sequence and the time
allocation of each activity could affect the fluctuations
in biometrics.

Let Ta,l and Tl be the ambient and instantaneous
temperatures at time instants l, respectively. In this paper,
the ambient temperature was kept constant during the
experiments that were conducted (described in Section
IV). Hence, for the remainder of the paper, the time
subscript will be dropped and the ambient temperature
will be denoted by Ta. Let a temporal window of
measurements comprise l = 1, 2, . . . , L samples, where
L ∈ Z. Then, the statistical deviation in the k-th window,
ρk is given by

ρk = max
l

(Ta − Tl)−min
l

(Ta − Tl), (1)

where k = 1, 2, . . .. It is noted that the proposed model is
concerned with the deviation in the temperature samples,
and not with the absolute temperatures like [11]–[13].
The aim is to infer about human stress by observing
the variation of a biometric over a time-interval to



Fig. 2. Flowchart for the iterative deviations method (IDM).

reduce the probability of false alarms that could be
triggered by sporadic spikes in the biometric. Further,
the proposed model captures both increase and decrease
in temperature, and also takes into account the ambient
temperature. However, the model can be easily modified
to absorb any variation in the ambient temperature during
an activity. For example, if the cellular phone user
moves from indoors to outdoors during an activity, the
ambient temperature changes. However, the series of
temperatures recorded will all be relative to the ambient
temperature.

Next, we define the difference between successive
deviations, Dk as

Dk = ρk+1 − ρk. (2)

Dk are iteratively computed to monitor the stress state.
A sharp fluctuation in Dk is indicative of a stress state
transition. Mathematically,

|Dk|

{
<M No stress state transition
≥M Stress state transition,

(3)

where M is a ‘learning’ parameter, whose granularity
improves with the number of trials, test participants,
and activities. Based on this learning parameter, the
wellness of the cell phone user can be inferred from
the stress state. The proposed algorithm, namely, the
Iterative Deviations Method (IDM) is summarized in
Fig. 2.

Fig. 3. Experimental setup for recording skin temperature measure-
ments.

IV. METHODOLOGY AND EXPERIMENTS

The existing results from psychological studies show
that occupational stress is affected by the activity [14].
Here, we adopt the approach of [7] to use the demand or
engagement of an activity to represent user stress level,
and use this for validating the proposed stress monitoring
algorithm. The experiment setup is shown in Fig. 3. In
order to measure the temperature of the participants, the
Kidz-Med Thermofocus Non-Contact Infrared Clinical
Thermometer [15] was used. A stress thermometer [16]
was also used to gauge the accuracy and sensitivity of
a typical off-the-shelf product. From [17] and the refer-
ences within, we justify our choice of the index fingers
for recording temperature measurements. Measuring skin
temperature fluctuations using fingers will be the most
convenient for cell phone users and make the ‘wellness
mobile’ application more user-centric.

A. Stress Stimuli

As a first step, we consider a single-modality for
inferring about the wellness of a person. The following
stressors were designed in order to validate the well-
known fact that stress manifests itself in the form of
variations in skin temperature [11]–[13]. The stressors
vary in the extent to which they engage the participant,
and are aimed at isolating the cause (stress associated
with an activity) and the effect (‘observable’ fluctuations
in the skin temperature, in this case). The participants
underwent a series of temperature measurements (on the
index finger, thumb, palm, and forehead) just before,
during, and after completing the task.

• Shock Stressor - Based on this experiment, each
user was asked to play a Scary Maze game on
the computer, where the task was to guide the dot
(using the mouse) through the scary maze to the
red square without hitting the walls (see Fig. 4).
This game ranks as one of the scariest games
online, and spans from 1-3 minutes depending
on the skill level of the user. We studied 20



Fig. 4. Screenshot of Levels 2 and 3 of the scary maze game.

males and 11 females working at DOCOMO USA
Labs located in Palo Alto, CA. A total of 15
measurements were done for each test subject.

• Math Stressor - The Math Stressor had three
segments. In the first segment, participants were
asked to iteratively subtract the prime number 13
from 967 until they were left with a number smaller
than the prime number they started out with. They
had to perform this recursive subtraction in their
minds and say out loud the numbers every time
they did the subtraction. No pen and paper were
allowed during the experiment. If they made an
error, they had to start from the last correct number.
They had five minutes to complete this task, and
there was a prize for the person who completed
this with the fewest number of errors and shortest
time if they could finish in less than five minutes.
In the second segment, the participants performed
the recursive subtraction, but after every minute
they heard a loud buzzer. During the last minute,
buzzers went off after every 20 seconds. The
purpose of the sudden buzzers was to rush the
subject, and make the activity more stressful.
The third segment was the most stressful. The
participants performed the recursive subtraction
again within five minutes, only this time they
had to say the number with a metronome. The
beats of the metronome were altered to vary the
engagement of the subject. We studied 18 males
and 14 females working in the Silicon Valley,
USA. 20 temperature readings were obtained for
each segment, and a total of 60 readings for the
whole activity.

• Public Speaking Stressor - Some studies have
shown that fear of public speaking ranks up there
with the fear of death. We studied the temperature
variations in 10 males and 3 females interning at
DOCOMO USA Labs. The speakers underwent a
series of temperature measurements (on the index

finger, thumb, palm, and forehead) just before and
after making a three-minute assigned presentation.
10 readings per speaker about two hours before
the presentation, 15 readings just before their turn,
and 10 readings right after their presentation were
completed.

V. RESULTS AND DISCUSSION

A. Statistical Parameter Extraction
In order to study the relation between the tempera-

ture measurements and stress, we use the exploratory
data analysis (EDA) and the confirmatory data analysis
(CDA). The EDA is an approach to analyzing data for
the purpose of formulating hypotheses worth testing,
complementing the tools of conventional statistics for
testing hypotheses. One of the principle graphical tools
used in EDA is the box plot. The CDA comprises popular
statistical techniques such as ANOVA (analysis of vari-
ance) test, correlation analysis, and the Kruskal-Wallis
test. ANOVA and the Kruskal-Wallis tests are used to
determine if the means of each individual measure differ
when the measure is grouped by different stress states.
While ANOVA assumes that the measurements are inde-
pendent and that they come from a normal distribution,
the latter is a nonparametric version of the ANOVA
that assume that the measurements from a continuous
distribution that is not normal.

Fig. 5 is a box plot to compare the three groups of
temperature deviations. Typically, box plots can be useful
to display differences between populations without mak-
ing any assumptions of the underlying statistical distri-
bution: they are non-parametric. The spacings between
the different parts of the box help indicate the degree
of dispersion (spread) and skewness in the data, and
identify outliers. It can be seen that the local means are
quite different than the global mean. This implies that
some form of correlation exists between the stressor and
the variation in the skin temperature. From Fig. 5, it
can be seen that the skin temperature variations does
increase with stress level associated with the activities,
but more experiments are needed to further verify this
and generalize it for a wide range of activities.

The p-value is the probability, assuming the null
hypothesis is true, of observing a result at least as
extreme as the test statistic. The p-values were 0.0253
and 0.0060 using the ANOVA and Kruskal-Wallis tests
for 30 subjects for the three stressors described in the
Section IV and are listed in Table I. Since the p-
value is less than 0.05, it is believed the test result is
statistically significant, which means that stress level is
sensitive to the workload or the activity. The low p-
value establishes that the Kruskal-Wallis test result agree



Fig. 5. Box plot for comparing the temperature deviations for the
three stressors.

TABLE I
STATISTICAL PARAMETERS OBTAINED FROM THE EXPERIMENTS.

Statistical parameter Value

p-value (ANOVA) 0.0253
p-value (Kruskal-Wallis) 0.0060

Mean Correlation 0.9323

with the ANOVA results. For correlation analysis, the
correlation coefficients between each individual measure
and stress are computed over time. It reveals how a
measure varies as the stress undergoes changes. The
computed coefficients show that the temperature vari-
ations are closely correlated to the stress level of the
activity. The mean correlation obtained is 0.9323 and is
also shown in Table I.

B. Stress Classification

Fig. 6 is an illustration of the IDM, which is a plot
of the skin temperature variation in a single participant
when asked to perform the three activities in a pre-
determined sequence, the least stressful activity being
performed first. It is observed that the skin temperature
decreases as the activities become stressful. The IDM
iteratively computes the sequence ρk (over 20 samples),
and Dk periodically, and compares Dk with M to track
the stress state transition. During the first activity (the
shaded ellipse on the left), |Dk| <M, and there is no
stress state transition. However, whenever |Dk| > M,
this indicates transitions in stress states and are denoted
by the dotted lines in Fig. 6. From our experiments
(described in Section IV), it was found that M ≥ 2,
i.e., whenever the difference between the deviations in

Fig. 6. Illustration of the iterative deviations method (IDM).

the skin temperatures from consecutive clusters exceeds
2 degree Fahrenheit, a stress state transition is declared.
In this way, the proposed IDM periodically computes the
differences in the temperature deviations from consecu-
tive clusters of measurements to ‘recognize’ the activity-
induced stress states.

Next, we present our novel simple stress classifier
that is based on iteratively computing and tracking the
instantaneous variations in subject temperature. A simple
classifier based on the IDM wellness tracking is shown
in Fig. 7, which is a plot of the temperature deviations
during the three stressors (activities). The first portion of
the curve corresponds to the shock stressor, the second
portion to the math stressor, and the third portion to the
public speaking stressor. From Figs. 5 and 7, we observe
that the maximum and minimum temperature deviations
for each group increase with the stress-level associated
with the activity. For example, when the participant has
completed the first activity (Shock Stressor), the mean
temperature deviation was about 1.5 degrees Fahrenheit.
However, the mean temperature deviation increased to
about 3.8 degrees Fahrenheit by the time the subject
completed the second activity (Math Stressor). Hence,
the relative change in skin temperature caused by the ac-
tivity is slightly more than 2 degrees Fahrenheit. This is
indicative of a change in the stress level of the participant
as a function of the activity being performed. Therefore,
by tracking the means of the temperature deviations, it
is possible to gauge the stress states. The different stress
states can then be mapped to wellness indices. Based on
the data points that were obtained using the stress stimuli
presented in the paper, an empirical wellness scale is as
follows:

ρk


< 1.5 Normal,
≥ 1.5 Low Stress,
≥ 3.8 Moderate Stress,
≥ 5.8 High Stress.

(4)



So, chronic and abnormal stress responses will mani-
fest themselves in the form of large temperature fluctu-
ations that can be tracked by the approaches described
here to infer about the wellness of a person. In this paper,
we have attempted to recognize transition in stress states
associated with different tasks to compute meaningful
wellness indices. It is remarked that the accuracy of
approaches presented in the paper can be greatly im-
proved by increasing the frequency of measurements.
Further, monitoring the temperature fluctuations over a
wider range of activities is needed to generate a more
comprehensive wellness scale. Lastly, the goal is to have
the wellness indices be user-friendly so that they could
be displayed on a wireless handheld device such as a cell
phone using ‘avatars’ or ‘emoticons,’ which will enable
easy and consistent self-monitoring for the cell phone
user.

VI. CONCLUSION

This paper proposes a simple and novel iterative
algorithm to recognize activity-induced stress states in
humans based on fluctuations in biometrics (skin tem-
perature). The proposed IDM is especially suitable for
practical usage in smart phones available nowadays due
to the existing biometric sensors on some these devices.
Furthermore, it has been envisioned that most future
smart phones will be embedded with at least one of
these biometric sensors. When implemented on handheld
devices such as cellular phones, the users can monitor
their stress states periodically and mend their lifestyle
accordingly. Though the demonstrability of the proposed
model using single-modality tracking algorithms has
been presented in paper, it is not too difficult to extend
this concept to multiple-modality tracking. Future work
comprises extensive data collection to generate a more
comprehensive wellness scale to enable self-wellness
monitoring into daily life, and incorporating multiple-
modality tracking.
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