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Abstract. InfraRed Thermography (IRT) is an innovative monitoring
tool, very beneficial in the field of psychophysiology to assess mental
states in a completely non-invasive manner. IRT is contactless and it
measures the temperature of the skin remotely. Thermal patterns of the
skin are driven by the autonomic nervous system, thus, they reflect au-
tonomic responses to affective stimuli. Insights into the physiology be-
hind changes in facial thermal patterns could improve our thermography-
based inferences reaching greater emotional specificity.
Here, we used a cross-mapping approach to investigate the nonlinear
correlations between IRT and heart rate variability (HRV), which is a
powerful tool for characterizing cardiovascular activity. We used ther-
mal signals of the nose and HRV data from 30 subjects during a resting
state and under a stressful stimulation task. Our results show a statis-
tically significant nonlinear correlation between the time series, with a
significant increase in the correlation values during the stressor.
Our preliminary results give a foundation to the hypothesis that the
stress-induced decrease in the nose temperature is related to sympathetic-
induced vasomotor activity.
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1 Introduction

In the last decades, infrared thermography (IRT) has captured the attention of
researchers in the psychophysiological field, amongst many others. Facial ther-
mal variations have been associated with the autonomic nervous system (ANS)
activity, hence allowing inferences of affective nature [1]. The ANS regulates the
visceral responses, modulating the activity of its two branches, the sympathetic
(SNS) and the parasympathetic systems (PNS). Many studies have explored the
degree of autonomic emotion specificity, analyzing the different patterns in pe-
ripheral physiological responses to a variety of affective stimuli [2–4]. Compared
to other physiological measures, this cutting-edge technology has the great ad-
vantage of being a contactless non-invasive diagnostic and monitoring tool. In
fact, IRT measures the temperature of the skin of the subjects at a distance, by
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detecting the IR energy that any body, at a temperature higher than absolute
zero, emits.

IRT has been proven to be reliable and efficient for stress monitoring in sev-
eral studies [1, 5–12]. To this aim, the most relevant region of interest is the tip of
the nose. The temperature of the nose decreases during stressful situations and
increases due to an empathetic response [1, 10–12]. The hypothesis is that the
ANS influences the vasomotor activity of the subcutaneous vessels and conse-
quently the dynamics of the blood circulation which produces the temperature
variation [12–14]. However, this is not the only process involved in tempera-
ture regulation, also sweating, respiration and metabolic processes play a crucial
role [1, 12, 15]. It is now common knowledge that physiological processes have
nonlinear dynamics [16]. In particular, specific aspects of the activity of human
thermoregulatory system can show nonlinear dynamics that have been compared
to the behaviour of theoretical nonlinear systems [17, 18].

This study aims to provide insights into the ANS correlates of nose tempera-
ture modulation in response to emotional stimuli. We want to give a foundation
to the hypotheses that have prevailed in the interpretation of the results obtained
in thermography studies applied to the recognition of the emotional state. Specif-
ically, we focused on the link between the thermal signal of the nose with the
heart rate variability (HRV) signal, which is a powerful tool for characterizing
cardiovascular activity [19]. We used a cross-mapping approach to quantify the
nonlinear correlations between IRT and HRV dynamics [20–22]. Particularly, we
applied this analysis to thermal signals extracted from the nose region and to
HRV time series recorded from healthy subjects during rest and under a stressful
stimulus, to address the question both under parasympathetic and sympathetic
nervous system predominance conditions, respectively.

2 Materials and Methods

2.1 Subjects recruitment and experimental set-up

Thirty healthy volunteers (20 females, age = 26.6±3.6) participated in the study.
None of them had any history of mental disorders or cardiovascular diseases. Cof-
fee and smoke were forbidden on the same day of the experiment to avoid the po-
tential vasomotor effects of these substances. The experiments were conducted in
a controlled environment. In particular, the room environmental conditions were
kept constant and at comfortable levels of temperature and humidity, around 24-
26◦C and 40-60%, respectively. All recordings took place away from direct heat
and ventilation sources. Subjects were asked to sit in a comfortable chair in
the experimental room for at least 10 minutes before the acquisition started.
This acclimatization period limited the thermoregulation processes during the
acquisition. This experiment was approved by the “Bioethics Committee of the
University of Pisa” (n. 15/2019), and each subject signed the informed consent
upon arrival.

The experiment comprised two main phases: a resting session and a stress
stimulation, lasting 5 minutes each. We developed a Psychopy application ad-
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hoc for this experiment. The application ran on a laptop and guided the subject
throughout the experimental phases. The protocol timeline is shown in Figure 1.
Before and after the experiment, each subject completed the State-Trait Anxi-
ety Inventory (STAY-Y1), a psychometric test consisting of 20 self-report items
on a 4-point Likert scale to measure state anxiety. Moreover, the subject was
required to report its self-assessed perceived stress (PS) level on a Likert scale
from 0 (not at all) to 10 (very stressed), before and after the stressor. During
the resting session, the subjects were asked to stare at a fixation cross in the
middle of the screen. During the stimulation phase, stress was induced using a
computerized and paced Stroop test [23]. In particular, the subject was required
to solve incongruous color/semantic-meaning stimuli every 2 seconds. In addi-
tion, at the top of the screen, a counter kept track of the number of consecutive
successes, as a motivational stressor.

REST STRESSAcclimatization

0 5 5+x 10+x min

STAY -Y1

PS PS

STAY -Y1

Fig. 1. Protocol timeline. The dashed line indicates non-timed tasks.

We acquired the thermograms of the face of the subjects using a FLIR T640
thermal camera with a 24.6mm lens, 640x480 pixels, NETD < 0.04mK @ +30◦

and spectral range of 7.8-14 µm (Long-wave-infrared, LWIR). The sampling fre-
quency was 5 Hz. In addition, RGB images in the visible spectrum were recorded
using a Logitech HD WebCam C270. The two cameras, IR and RGB, were ver-
tically aligned. Each subject was asked to find a comfortable position and stay
still during the recordings, using a chin rest to avoid any movement artifacts.
Moreover, we acquired the electrocardiogram (ECG) using a BIOPAC MP150
system, at a sampling rate of 250Hz. Three Ag/AgCl electrodes were placed be-
low the right and left clavicle, and on the lower left chest to measure the ECG
signal.

2.2 ECG and thermal time series processing

Both ECG and thermal time series were segmented into 150-second-long seg-
ments for each experimental session (i.e., rest and stress sessions). In particular,
we selected the last half of the resting session as a baseline, to make sure sub-
jects had completely recovered from the distress caused by the setup process.
Conversely, only the first half of the stress session was used for the analysis to
maximize the stressful effect and mitigate the habituation effect on the stim-
ulation phase. Hereinafter, we will refer to these segments as Rest and Stress,
respectively.
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The thermal time series of the tip of the nose was extracted from the ther-
mograms. We used the RGB images to localize the region of interest (ROI),
and we referred the RGB coordinates to the IR frames to obtain the thermal
information. To this aim, we synchronized and registered the first IR and RGB
frames. In particular, we selected the first frame of the RGB series and applied
an affine-2D transformation to match the corresponding IR frame. Then, the
coordinates of the centre of the ROI were automatically detected by applying
the Yuval Nirkin algorithm on the registered RGB frame [24]. Furthermore, we
segmented each subject’s face using a landmark-intensity-based algorithm, as
explained in [25]. Thus, the number of pixels of the face of the subject was used
to choose the dimension of the ROI, accounting for the inter-subjects differences
in face shapes and sizes. Finally, the thermal signal was obtained as the median
temperature within the ROI for each thermogram. For each of the two sessions,
we calculated the mean of the thermal signal of the nose.

Concerning the ECG signals, the signals were pre-processed using the Kubios
software to remove noise and artifacts and extract the Heart Rate Variability
(HRV) series [26]. Specifically, interbeat interval series (RR series) were extracted
from ECG signals using the Pan-Tompkins algorithm to automatically detect the
QRS complexes. Then, the HRV series were extracted by interpolating the RR
series through a piecewise cubic interpolation at 5 Hz. From the HRV segments
related to both the Rest and Stress sessions, we extracted some of the standard
features belonging to time and frequency domains, as reported in Table 1.

Of note, two female subjects were excluded from the analysis due to the
presence of irreducible artifacts.

Table 1. Features extracted from the HRV

Feature Description

meanHRV Mean value of HRV
stdHRV Standard deviation of HRV
RMSSD Root mean square of successive RR interval differences
pNN50 Percentage of successive RR intervals that differ by more than 50ms
LF Percentage of the total power in the low-frequency (0.04–0.15 Hz)
HF Percentage of the total power in the low-frequency (0.15–0.40 Hz)
LF/HF ratio Ratio of LF to HF power

2.3 Cross-mapping

The cross-mapping procedure [20, 21] was applied to compute an estimate of
the IR time series (Y = (Y1, Y2, ..., Yn)) from the HRV one (X = (X1, X2, ...,
Xn)). We can use the delayed version of one time series to reconstruct a shadow
manifold, which is an approximation to the true attractor of the dynamical
system to which the series belongs. According to Takens’ theorem, if X and Y
are variables of the same dynamical system, the reconstructed attractors MX and
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MY are diffeomorphic to each other, as well as to the true attractor. In fact, if the
two series represent a dimension in the state space, the knowledge of the shadow
manifold MX , obtained from the variable X, can be used to estimate variable
Y. Hence, we observed the similarity between the time series Ŷ , estimated from
variable X, and the original time series Y, to quantify the imprint of variable X
on variable Y.

For each time series, we calculated the appropriate time delay τ as the min-
imum of the mutual information function, to ensure statistical independence
between the values, in both linear and nonlinear terms. Moreover, we estimated
the embedding dimension m, using the false nearest neighbour (FNN) method,
as in [27]. Using time-delayed embedding, from each variable X and Y we con-
structed the shadow manifolds, MX and MY .

Afterwards, we identified the m+1 nearest-neighbours in MX over time. The
number of neighbours depends on the maximum value of embedding dimension
m between the two time series. The time index of these m+1 points in MX was
used to obtain the corresponding points in MY . These points in MY were used
to map a region of m+1 points around Yt. Finally, the estimate of each point of
Y starting from the reconstructed manifold of X is found as follows:

Ŷt|MX =

m+1∑
i=1

ωiYti

Where ωi are the weights obtained as the Euclidean distances between Xt and
the nearest-neighbours points (|| · || indicates the Euclidean distance in Rm):

ωi =
ui∑m+1

j=1 uj

ui = exp

[
−||Xt −Xti ||
||Xt −Xt1 ||

]
Finally, we computed the Pearson correlation coefficient between the original

thermal signals and the corresponding estimates obtained using cross-mapping,
and we will refer to it as ρŶ Y . Similarly, we computed the Pearson correlation
coefficients between the original thermal signals and the HRV time series, ρXY .

2.4 Statistical analysis

We performed an exploratory statistical analysis to evaluate the effect of the
stress stimulus on the psychometric scores and the IR and cardiovascular dy-
namics. We used the non-parametric Wilcoxon sign-rank test to compare the
STAY-Y1 and PS scores before and after the stressor. Analogously, we used the
same test to compare each IR and HRV feature between Rest and Stress (α =
0.05). We controlled for the false discovery rate that results from multiple testing
through the Benjamini, Krieger, and Yekutieli (FDR-BKY) correction [28].

In addition, we assessed the significance level of each correlation coefficient
ρŶ Y using a non-parametric permutation test with 1000 repetitions (α = 0.05).
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The original thermal signal was divided into blocks of length equal to τ , which
were randomly shuffled at each iteration to generate the null distribution. In this
way, maximizing independence among blocks, we mitigate the effect of autocor-
relation in the time series in causing spurious correlations between variables.
Likewise, we assessed the significance levels of the Pearson correlation coeffi-
cients ρXY using the same permutation test.

Finally, a non-parametric Wilcoxon sign-rank test was used to test for pos-
sible differences between the correlation coefficient ρŶ Y related to the Rest and
Stress sessions. Of note, the use of non-parametric statistical tests was justified
by the non-gaussian distributions of samples.

3 Results

The statistical analysis on both psychometric tests indicated that subjects re-
ported to be more stressed after the stimulation. In particular, the Wilcoxon
sign-rank test on the PS levels reported a p-value equal to 0.01, and the p-value
for the STAY-Y1 total scores was equal to 0.03.

Regarding the physiological features, the mean temperature of the nose de-
creased significantly during Stress compared to Rest. Conversely, the mean of
HRV increased significantly during Stress. The remaining HRV features, except
the LF/HF ratio, decreased significantly compared to Rest, as shown in Figure
2.

Fig. 2. Statistical comparison for each of the IR and HRV features extracted. Signifi-
cant differences between Rest = R and Stress = S after the Wilcoxon signed rank test
with FDR-BKY correction are highlighted with an asterisk (* = p < 0.05; ** = p <
0.01; ***= p < 0.001).

The results of the correlation between the original thermal signals and the
HRV series ρXY , and the correlation between the original thermal signals and
their reconstructed version from the HRV time series ρŶ Y , are shown in Table
2. In particular, the median of the correlation coefficients ρXY was 0.005 during
Rest, and it was statistically significant in 17.86% of the subjects. During Stress,
the median of the correlation coefficients ρXY was equal to -0.123, and it was
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statistically significant in 60.71% of the subjects. The median of the ρŶ Y was
equal to 0.7 during Rest and it increased to 0.78 during Stress. Note that, the
associated p-values were significant for all the subjects (100%).

Table 2. Non-parametric permutation test on correlation coefficient values ρXY and
ρŶ Y .

Rest Stress
ρ median p-val<0.05 (%) ρ median p-val<0.05 (%)

ρXY 0.005 17.86 -0.123 60.71

ρŶ Y 0.7 100 0.78 100

The boxplots in Figure 3 show the values of the correlation coefficient ρŶ Y

obtained after the application of the cross-mapping approach to the thermal
signals of the nose and the HRV time series. After the Wilcoxon signed rank
test, the ρŶ Y values were significantly higher during Stress than Rest.

Fig. 3. Statistical comparison of ρŶ Y coefficient values obtained after the application
of cross-mapping method on thermal and HRV data, between Rest = R and Stress =
S. Significant differences after the Wilcoxon signed rank test are highlighted with an
asterisk (* = p < 0.05).

4 Discussions and Conclusions

An understanding of the physiological processes driving changes in the facial
temperature pattern could improve our thermography-based inferences in the
field of psychophysiology. Greater emotional specificity would broaden the scope
of IRT as a convenient non-contact method for monitoring changes in mental
state. Although there are already hypotheses on the mechanisms that influence
skin temperature, the quantification of these processes and their interplay is still
lacking. This study reports an attempt to investigate the linear and non-linear
relation between the thermal behaviour of the nose and cardiovascular activity,
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under both parasympathetic and sympathetic dominance. We used the cross-
mapping approach [20, 21], a nonlinear methodology based on chaos theory to
quantify the agreement between HRV and nose thermal time series.

Prior to the cross-mapping analysis, we tested the difference in the psycho-
metric scores reported before and after the stimulation. Similarly, we performed
a comparison of thermal and HRV features between the two experimental ses-
sions. The results confirmed that the protocol elicited the expected response,
as the reported stress level increased and the physiological features varied sig-
nificantly in agreement with the literature. Notably, nose temperature decrease
during stress has been previously associated with sympathetic vasoconstriction
of the subcutaneous vessels. The RMSSD and the PNN50 are temporal indexes
of the vagal activity, as the HF power in the frequency domain. Their decrease
is likely to reflect a decrease in the PNS activity during stress.

Nonlinear analysis of the IR and HRV time series revealed a strong relation
between the thermal and cardiovascular dynamics that was not obvious in the
linear domain. Indeed, the linear correlation between the original HRV and ther-
mal series was significant in the majority of the subjects during Stress. However,
the correlation values ρXY reported a median value as low as 0.005. On the other
hand, the correlation values between the thermal signals of the nose and their es-
timated version obtained using the cross-mapping approach with the HRV time
series were significant for all the subjects during both Rest and Stress, with a
median value higher than 0.7. This nonlinear correlation values quantify how
the knowledge of the shadow manifold obtained from the time series of the HRV
time series can be used to estimate values of the IR time series. Hence, we used
the correlation value ρŶ Y as an index of the ‘imprint’ of the HRV time series on
the thermal signal of the nose.

Furthermore, the cross-mapping correlation values ρŶ Y were significantly
higher during Stress compared to Rest. This outcome suggests that cardiovas-
cular activity and nose temperature coupling are higher during elevated arousal
conditions. Hence, our approach seems to corroborate the hypothesis that the
stress-induced decrease in the nose temperature is related to sympathetic-induced
vasomotor activity [12–14].

In our future studies, we will analyze the linear and nonlinear correlations be-
tween thermal signals from different regions of the face and several physiological
signals related to the phenomena which are likely to underlie skin temperature
modulation (i.e. heart rate variability, electrodermal and respiratory activity).
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