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Abstract: The ability to monitor the respiratory rate, one of the vital signs, is extremely
important for the medical treatment, healthcare and fithess sectors. In many situations, mobile
methods, which allow users to undertake everyday activities, are required. However, current
monitoring systems can be obtrusive, requiring users to wear respiration belts or nasal probes.
Alternatively, contactless digital image sensor based remote-photoplethysmography (PPG)
can be used. However, remote PPG requireanabient source of light, and does not work
properly in dark places or under vargi lighting conditions. Recent advances in
thermographic systems have shrunk their size, weight and cost, to the point where it is
possible to create smart-phone based respiration rate monitoring devices that are not affected
by lighting conditions. However, mobile thermal imaging is challenged in scenes with high
thermal dynamic ranges (e.g. due to the different environmental temperature distributions
indoors and outdoors). This challenge is further amplified by general problems such as motion
artifacts and low spatial resolution, leading toaliable breathing signals. In this paper, we
propose a novel and robust approach for respiration tracking which compensates for the
negative effects of variations in the ambient temperature and motion artifacts and can
accurately extract breathing rates in highly dyitathermal scenes. Thapproach is based on
tracking the nostril of the user and using loathperature variations to infer inhalation and
exhalation cycles. It has three main contributions. The first is a @ptahal Quantization
technique which adaptively constructs a color mapping of absolute temperature to improve
segmentation, classification and tracking. The second i$hbanal Gradient Flowmethod

that computes thermal gradient magnitude ntapsnhance the accuracy of the nostril region
tracking. Finally, we introduce th€hermal Voxelmethod to increase the reliability of the
captured respiration signals compared totthditional averaging method. We demonstrate

the extreme robustness of our system to ttheknostril-region and measure the respiratory
rate by evaluating it during controlled respiration exercises in high thermal dynamic scenes
(e.g. strong correlation (r = 0.9987) with theund truth from the respiration-belt sensor).

We also demonstrate how our algorithm outpanfed standard algorithms in settings with
different amounts of environmental thermal changes and human motion. We open the tracked
ROI sequences of the datasets collected for these studies (i.e. under both controlled and
unconstrained real-world settings) to the community to foster work in this area.
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1. Introduction

Monitoring respiratory rate plays a key rolearrange of applications that span from direct
diagnosis of, and treatment for, lung prabte (e.g. hyperventilation, apnea and interstitial
lung disease) and cardiovascular conditions to supporting a person’s psychological needs (e.g.



stress, anxiety regulation) [1,2]. Despite its intpoce, it has been largely disregarded in real
world healthcare technology applications [3]. One possible reason is the inconvenience of
conventional respiration measurement systent) as chest-belts or oronasal probes, which
demand direct physical contact [4—6]. These systems are often uncomfortable to wear and
prone to motion artifacts which might cause ineotrsensor readings. In addition, in some
medical and chronic conditions, where monitoring everyday physiological processes may be
pivotal, direct contact with the skin mayt be acceptable (e.g. Complex Regional Pain
Syndrome [7]). Although contactless ways t@asure respiration-related signatures (e.g.
remote-photoplethysmography (PPG) [5,8], Deppladar [9], thermal imaging [6,10-13]
based measurements) can help address theatitims, they have not been investigated in

the context of ubiquitous and mobile computing situations.

With the assistance of ambient lights (e.g. rataunlight, lamp), a digital image sensor
such as an RGB-based camera can be used as a remote PPG sensor [4,5,8,14,15] for
monitoring blood volume pulse related parameters (e.g. heart rate). In [5,8], the authors found
that PPG could also detect periodic respiratory periodic cycles in a known respiratory rate
range (10-40 BPM in [5]), opening up the potential of real-time contactless breath tracking in
stationary environments. [15] extended thigkyshowing that mobile sensing technology (a
smartphone camera) could be employed as a remote PPG sensing channel. However, although
the sensors for PPG are mobile, fundamemstglas with PPG itself limit its flexibility and
mobility. In particular, RGB-based cameras rely on moderate, stable ambient light levels.
Therefore, they cannot easily support physiology monitoring in extreme lighting conditions
which are either very dark or very bright. Furthermore, they struggle in situations where the
light conditions continually change. As a resuitpst research with remote PPG has been
applied in controlled conditions where the ambient lighting levels can be controlled (e.g. a
constant 500 lux brightness in [4]). Other approaches can be used which are immune to
ambient lighting conditions. Active sensors such as radar, for example, provide their own
illumination. However, for respiratory rate tracgi(such as [9]) they are restricted to monitor
physiological parameters in stationary settings and indoors, where it is easier to ensure
stiliness of both the person and of the hardware installation, limiting their application in real-
world deployments. On the other hand, thermal imaging does not have many of these
constraints. Thermal imaging interprets the electromagnetic radiation which is naturally
emitted from any object. Themk, it can measure temperature in a passive way and does not
require lighting sources. Furthermore, recent advances in commercial thermal imaging
technologies have led to the development of new generations of thermal cameras (such as the
FLIR One, Seek Thermal) which are relativébyv cost (i.e. less than $250 in Jan 2017),
lightweight, very small and can be connected to a smartphone. Therefore, it has been feasible
to support real-time use in mobile situatioAswever, the use of mobile thermal imaging for
physiology measurement has not been investigated, while large-sized, immobile thermal
imaging systems have been employed demanding large physical spaces for the hardware
installation similar to radar systems.

Work on thermography has shown that it is possible to track respiration in a contact-less
manner by monitoring the temperature changes around the nostrils which are caused by
inhalation and exhalation breathing cycles [6,10-13]. Most of these works define the nostril to
be a key-region-of-interest (ROI) and have analyzed similarity between time-varying signals
of the average temperature the nostril-ROI to show inhalation and exhalation. This
approach has been tested within several contexts in stationary and indoor settings where a
thermal camera is installed, including neonatale [13] and the study of breathing during
sleep [12]. Despite its success, thermal technology is challenged by the difficulty of tracking
ROIs in the presence of motion artifacts. Theref such issue must be addressed to improve
accuracy of the breathing trackirig very recent worlon thermal imagingg], the respiration
tracking accuracy was greatly improved by using a latest automatic ROI-tracking method in
computer vision (i.e. [16]) within indoor controlled experiments. Although state-of-the-art



ROI tracking methods could handle motion artifacts, they do not provide robustness to
environmental thermal dynamics. Even though our facial temperature distribution is internally
controlled (e.g. blood vessel regulation), ambiemipterature is an externfctor that affects

this thermal pattern. For this reason, the ademperature within which signals can be found

can vary. Such challenges armiar to the tone-mapping-related quantization issue found in
converting real-world luminance to virtually expressed color [17]. Although lots of challenges
have been identified in high dynamic range imaging, thermal imaging has entirely ignored the
issue, adopting a fixed range of temperature (e.g. 28°C to 38°C). This has the potential to
deteriorate the tracking performance under higgrmal dynamic scenes. Other than the ROI
tracking issue, the quality of respiratory feature is also influenced by motion artifacts and
environmental thermal dynamics, which has not been broadly investigated by previous
authors. Hence, a more robust respiration tracking approach is required to further improve the
accuracy in mobile settings.

In this paper, we aim to address the thoballenges (quantization issue in different
ambient temperature, the ability to accuratéfgck the nostril-ROIl in more general
conditions, enhancement of respiratory signal quality), through the development of a new
approach for thermography-based breath tracking. In developing this approach, we make three
main contributions: (1) a novel quantization technique which searches the optimal thermal
range of interest on every single frame @desng time-varying thermal dynamics, (2) an
enhanced visual-tracking process of the nostril region containing in the presence of breathing
dynamics, which is prone to shape changes amplified by motion artifacts, and (3) a novel
signal representation based on a new concefiiesfnal voxel for extracting higher quality
respiratory signals rather than just traditiooaés (i.e. average temperatures on a ROI). The
thermal voxel-based signatures are built on thlg ftacked nostril-R@® sequences by means
of the first two contributions (1,2).

Our proposed approach is thoroughly evaluated in both laboratory and real-world settings
using low cost mobile thermography. Three different experiments were conducted: (i)
controlled breathing patterns carmotion artifact in four places with different ambient
temperatures; (ii) unconstrained respiratiothwatural motion artifacts in indoor sedentary
activity; (iii) unconstrained respiration in fullynobile contexts and with varying thermal
dynamic range scenes (i.e. indoor and outgidtysical activity). In all cases, we show our
algorithms were able to outperform existing approaches in the literature. Finally, we provide
open access to the tracked ROI sequences of the datasets to foster future work in this area.

2. Background and key challenges

A key goal of this work is to formulate algorithmic methods which enable reliable monitoring
of respiratory rate using mobile thermal inmag for a variety of health-related real-life
applications. Until recentlythermographic systems have been regarded as infeasible and
impractical solutions for physiological measureinescause they were very costly and heavy
[5]. The emergence of recently-launched molfilermographic systems, which are low-cost
and small-sized, opens the possibility of its use in this context. However, to have mobile,
ubiquitous systems that operate in general environment and not merely controlled indoor-
laboratory settings, we have to confront the following key challenges:

Challenge 1: high thermal dynamic range scenes

Despite our homoeothermic characteristics, temperature distribution on the cutaneous skin of
the human face changes withethmbient temperature. Therefore, the changes in thermal
patterns could lead to difficulties in identifig each facial area on thermal images. Figure
1(a), for instance, shows the effect of a person being exposed to ambient air while walking
outside during the summer. As can be seenthe person’s face cools down, information
about facial morphology becomes lost. Howetleis is a direct result of the way the image

was created. The thermal camera measures tempeditectly, and this must be quantized or



converted into a digital signal with a fixed number of bits. The quantization process must
cover where the bulk of the signal lies. The most common approach is to use linear
quantization with a selected temperature rangmtefest, which is traditionally fixed from

the first thermogram frame (e.g. 28°C to 38°C in [12]). However, this is unable to adapt to the
dynamic situation here in which the temperature falls below 28°C in many parts of the image.
One way to address would be to increasetiieemal range of values in color-mapping to
ensure that all salient features are captured. However, because the resolution of the digital
signal is fixed, this causes the resolutiongm down. Because thenge of temperature
distribution over the facial area is relatively narrow, this would reduce contrast and the ability
to detect subtle signals. Therefore, it is important to develop solutions to color mapping that
can continuously adapt to take into account high dynamical thermal changes.

Fig. 1. Key challenges in thermal imaging-tmhsespiration tracking. (a) high thermal dynamic
range scenes: fixed thermal range of inteigstot suitable in preserving the morphological
facial shape within varying ambient temperat(itep] examples of thermogram shots collected
from a person walking outdoor (for 6 minutefottom] temperature histograms, (b) motion
and breathing artifacts: the shape of the flo&r affected by robility and respiration
dynamics, (c) respiration signal quality: the fexample shots show the tracked nostril region
while breathing. The traditional average temperaiarnot ideal in extracting the respiratory
feature when the respiration-induced thermalarare is weak, e.g. during shallow breathing in
Case 2 compared with deep breathing in Cadéhé.low spatial resotion of mobile thermal
imaging also leads to the weak signal.

Challenge 2: combined motion artifact and air exchanges in the nostril

A recent body of work on bioedical thermal imaging andemote-PPG has employed
motion-tracking algorithms to extract physiological features from an ROI under motion. For
example, [4,5] used the Lucas-Kanade (KLT) athon [18,19] to tracKacial areas where the

PPG signal can be extracted. Pereira dbdlapplied Meiet al.[16]'s Sparse Representation-
based tracker. Although the body of work has achieved high performances of the tracking of
ROIs in indoor constrained situations wherst jgmall amount of a person’s head motion is
allowed (e.g. [6]), unconstrained motion artifacts have not been generally tested. Furthermore,



the thermally expressed nostril shape can undergo significant amount of deformations. These
deformations result from motion and breathing dynamics. For example, the deformations
shown in Fig. 1(b) result from the participamrning their head and laughing. Therefore,
although static contexts have been the main target for research, it is not possible to guarantee,
in real life situations, that a person’s nostril will be in a fixed, known shape. Therefore, new
tracking algorithms must be developed which are robust to deformation of ROls.

Challenge 3: how to improve the quality of respiratory signals from a nostril ROI

The most common way to track respiration rateto analyze sequences of an average
temperature in a tracked nostril region, which fluctuate caused by the expiration and
inspiration cycles [6,10-13]. However, in margses, the temperature change associated with
breathing can be fairly small and affect ordysmall number of pixels. Figure 1(c), for
example, illustrates the difference between shallow and deep breathing. Another difficulty is
that the average temperature can be strorffetad by subtle location changes of the ROI
bounding box and windy situations which can cause sudden global changes in the temperature
distribution. A final difficulty is that when person’s viewing direction changes, it can also
decrease the number of pixels that contain respiratory information. This is even more
important for mobile thermal imaging systems, which often have low spatial resolution.
Consequently, for the enhancement of the respiratory signal quality, there is a need to design a
new feature which is robust to the various factors as discussed above.

3. Methods: robust respiration tracking algorithm

To overcome the challenges mentioned above, we propose the approach illustrated in Fig. 2.
The approach has three main componentsOfijimal Quantizationof the mapping of
temperature elements to digitalized color-mappéels that can adapt to different thermal
dynamic range scenes, (fThermal Gradient Flow- a nostril tracking algorithm to reduce
effects of motion and breathing dynamics, and {illermal Voxel-based Respiratory Rate
Estimationto enhance the respiratory signal quality.

Fig. 2. (a) Overall procedure of the imagibased respiration tracking system; (b) key
components: 1) Optimal Quantization — convershirthe absolute temperature distributions to

the color-mapped images by analyzing the teatpee histogram of every frame, 2) Thermal
Gradient Flow — nostril-region tracking methoding the thermal gradient magnitude and
points tracking methods, and 3) Thermal Voxel-based Respiratory Rate Estimation — extracting
the respiratory signals by integrating thdt thermal voxels inside the nostril.



3.1 Optimal Quantization for high thermal dynamic range scenes

In thermal image processing, quantizatiorthie process of translating from a continuous
temperature value to its digital color-mapped equivalent. Suppose the temperature lies in the
range[T,, T,s,] and the color pixel which represents it lies in the reiugas ] . We define

u= (T) as the mapping between the two. For the quantization in time-varying thermal

dynamic range scenes, our idea is to adaptiyesntize the thermal distribution sequences by
finding a thermal range of interest that contahres whole facial temperature distributions for

every single frame (see Fig. 2(b)-1). As a fat&p, we use a statistical extreme value removal
process to reduce unexpected noises (e.g. sunlight projected on a person’s glasses) and points
of extreme temperature, which may be produced by errors of mobile thermal imaging in
calculating temperature due to fixed emissivity or lens conditions (e.g. misted lens). By
removing thermal signals beyond 1.96 standard deviations, we can set an initial candidate for

the thermal rang§T, ., T,...] :

m

T,,=c8196——, T_ =c+1.96 —— (1)

Jnm ™ Jnm

wherec is the sample mean afx) which is the one-dimensional temperature distribution
( x 1,n m), n mis the spatial resolution of collected thermaitdbution matrixes, and
.Is the standard deviation o) .

Now, for the final selection of the range of interest, we assuere Hre two qualitatively
different elements in each frame: the perséate, and the backgroundherefore, we adopt
Ridler and Calvard’'s concept afptimal threshold selectiof20]. This method finds the
threshold value that best separates objects from background by iteratively analyzing the color
histogram. This can help to search therm#lies that distinguish the human skin from non-
skin areas from the time-varying temperaturgdgrams exhibiting various dynamic ranges.
Furthermore, it is known that this method is robust even in the presence of non-bimodal
histograms which make it harder to find aptimal boundary of temperature ranges of
interest. Our Optimal Quantizati technique, which is named after the concept, is finalized
with the iterative computation of an optimal threshold valjie below:

Topt (0) = Tmin (2)
T(tep) = 40740 ©

where g4 (t) and 4, (t) are the mean values whe(x) T,,(9, c(X) > T, (1), respectively.

While the method presented [20] requires the four coems of an image to contain
background pixels, our method etonot require this conditidmecause Eq. (2) is initialized
with a value from Eq. (1). The process is iterated unfjl p QTO& pS(  1)is Satisfied and

the temperature range of interest is then chosen to be
TO = Topt( p)= -IT<§1 = -If:'lax . (4)

When the average temperature other background, which includesir and air, is lower than
that of human cutaneous skin, ptihe lower bound is of intesein determining the optimal
range. When the average temperature ofbekground is above that of human cutaneous
skin, the upper bound can be used instead.



3.2 Thermal Gradient Flow: nostril-region tracking

To achieve robust performance in the trackaigthe nostril, we propose a new algorithm
called Thermal Gradient FlowGiven the color-mapped images produced through Optimal
Quantization, this alggchm computes the thermal gradientignitude matrix for each frame

and employs Kalaét al's Median Flow algorithm [21] which uses forward-backward error
estimation on points tracked by Lucas-Kanade's disparity-based tracker [19]. To enhance
robustness, we compensate for the loss of feature pointsskjting a ROl based on the
gradient-based two-dimensional normalized cross comwaladis illustrateth Fig. 2(b)-2.

Fig. 3. Example shots of comson from thermal images to thermal-gradient magnitude maps:
the proposed method can help to preserve the morphology of the nostril region during motion
(Zoomed-in-areas are manually rotated for the visual representation).

The human homeothermic metabolism and the relatively lenntal conductivity of the
human skin act as low pass filters. As a reshk, shape of =&l and nostril areas is often
blurred, leading to a weak differentiation betwdewy facial point features. To obtain clearer
features, we enhance the boundary between the nostril and the ala of the nose by converting
the quantized thermal imade into the two-dimensional thermal-gradient magnitude map

by

ux Y§, uxys - :
(x,y)t\/ X o Vo ., ©

wherex and yare the coordinates in the x-y plangltd image space. As ilitrated in Fig. 3,
the more distinct morphological shape of thetrilosan be obtained frorthe thermal-gradient
based image than the normal thermal imageler combined artifés (i.e. motion and
respiration dynamics). The converted image ttean be used to collect the feature points
representing the nostfibr the motion-tracking.

The thermal-gradient map of the nostril-ROl,, , is chosen by selecting the nostril as an

ROI of size of Nx N pixels in the first frame. This can be done manually by a human or
automatically (e.g. am [6]). As our poin tracker, we use thiledian Flowalgorithm [21]
because it has proven its tracking performancthemmal imaging in a non-biomedical sector
[22]. This algorithm calculates therfeard-backward error defined as

(T [9 =] xS 6)

where the thermal-gradieimage sequence 8=( ,, ;... ), the forward trajectory
is T =(X, %y, X, ) @and the backward trajectory¥ = (X.,,,X..g.---X ) produced by
backward tracking up to the first frame. Heke, = x,, and|x SX| is the Euclidean



distance between the two points.this algorithm, tk points are trackedsing the KLT [19].
In our case, the points are esgied from the nostril ROI otihe thermal-graiént magnitude
map. For more details on theplamentation, we refer to [21].

As a final strategy to handle the case whenphint features are completely lost, we can
use two-dimensional normalized-cross correfat{23]. In particular, the combination of
correlation with gadient has been shown to give high performance in the registration of
deformable components in neuroimaging P24, Similarly, we enhance the tracking
performance of the nostril by searching for a new positioth@fROI which maximizes the
gradient-based normalizectoss correlation coefficient

: i( ROI(XiS M RO'(X‘))( ()S X)U (x,sx)) @)
\/ i( ROI(XiS /’IRO|(X|)12 i( ()S )S /'I(x‘éx))z :

wherex is a set of{,y) in (5) at the center oN x N square (i.e. same with the size of a ROI).
When the number of tracked points falls beloeedain threshold, this method resets the ROI

and finds new gradient-based point features. This method can also be applied to the automated
ROI selection at the first frame in cage have a plenty of nostril-image sets.

(x)=

3.3 Respiratory rate estimation through Thermal Voxel integration

Heat exchange in nostrils ding inhalation and exhalation is determined by a person’s
breathing pattern. To monitor these patterns, existing methods most frequently compute the
average value of spatial thermal distribution inside rthetril ROl on every single frame
[6,10-13] and seek for fluctuating patterns avmie. However, as explained earlier, there are
many issues with usingehaverage of the distribution. Therefpin this section, we present a

new three-dimensionalhermal Voxebased feature to furthemhance the quality of the
breathing signals. Inspired by the use of voxels in neuroimaging [26], the approach maps each
two-dimensional unit thermal inta voxel three dimensional spa@ee Fig. 4(a), 4(b)). This
feature can be immun® factors inducing low quality dbreathing information and global
changes of spatial thermal distributiome® it focuses on extracting breathing-induced
thermal volume changes inside the nostril by potimg the quantity of side thermal voxels

(see Fig. 4(b)). It is constructed from

® I

c AT T(E YO, T(H WP 0 (8)

Ut = 3

Tiin (t

where (T) is the integral of the thermal voxels tihe nostril in a cross section with the

temperatureT , G, is the absolute temperature on the tracked regionTarid the upper

boundary to integrate the concave volume widcket to a temporahoving average (here, n

= 2) of the spatial mean temperature values to not only have a stable boundary but to consider
global thermal changes. If the ROI tracker losestrdahe nostril regionT would need to

be reset from the next frame to reject vi@ue from the misplacethounding box. The
misplacement could be detected by inspectingdalen change (i.e. differential) of statistical
skewness on the thermal distribution:

G0OSy °. °0(SSAs ° o
= E «J H S E»Lh <t<51 . »(9)

= t Ya s 7 YVa




Fig. 4. Extraction of respiratory patterngatigh Thermal Voxel integtion: (a) a person’s
nostril and its thermogram sequences along the time in 3D (top) and 2D (bottom), (b) the
concave volume corresponding to heat variancetheénnostril, (c) the extracted respiratory
signals compared with ground truth signalad (d) a comparison of the filteredxel-based
signals with the traditional method as thetiggzant changes their head. The voxel method
closely tracks ground truth, btite traditional method fails.

To estimate respiratory rate,thdrequency domain (such as peak frequency detection [5])
and time-domain (such as the Bayesian approach based on short-time estimators [27]
employed in [6]) approaches could be used. In this paper, we used the short-time power
spectral density, which analyzes the satiiarity of the thermal voxel featurg(t) to

determine the rate. This is achieugdcomputing thé-ourier transformF, of the short-time

autocorrelation functio [28]. To decrease ripples in the frequency domain due to the
truncated short-time windowye use the Gaussian window
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The window lengthw (k) is 2 _ f.+1, wheref__ is the upper time limit of respiration and

max ° s

f. is the sampling frequency. The vaIuefQJx is determined by the expected minimum

S

respiratory rate of interest. For our experimenss,use the same range of expected breathing
rate as in [6] of 0.1Hz to 0.85Hz. Therefotg, = 10s. Oncew (k) has been computed, its

value is normalized by feature scaling. The output is fiteheough a third order elliptic

filter (a passbandipple of 3 dB and a stopband aation of 6 dB) with passband cutoff
frequency of 0.1Hz and 0.85Hz. Given this, we estimate the respiratory rate by searching for
frequencyf which maximizes the power spectral density

S(H=F(R,)=1, R(p&" (11)
where R, is the short-time autooelation of the filteredw (k) .

4. Datasets and experimental protocols

In this section, we descriltke experimental protocols whievere designed to gather thermal
imaging of respiration data of different levelscomplexity in terms of thermal dynamics and
motion artifacts for an in depth evaluation of our proposed methods. The fully tracked nostril
ROI sequences from the collected dataastsopened to the research community.

4.1 Experimental setup

For both the laboratory and theal world settings, we used a mobile thermal imaging camera
(FLIR One for Android - dimensions: 72mm26mm x 18mm, FLIR Systems Inc., Santa
Barbara, CA, www.flir.com). This device detects electromagnetic waves in the spectral range
of 8 to 14 m with a spatial resolutionf 160x120 and a temporal resolution of less than 9
frames per second (fps). The thermal images were recorded by using recording software
(Thermal Camera RRT, Android Play Stor&h improve the accuracy of the temperature
measurement, it is necessary to consider thHesarity coefficient ofthe surface targeted. In

our study, the emissivity is set to 0.98 thahis emissivity value ahe human skin [29].

To evaluate the performance of our approach, a commercial respiration sensor was used.
Participants were required twear a chest belt-based respiration sensor (ProComp Infiniti
Resp/SA9311M, Thought Technology). This reference respiration sensor produces the
respiration waveform by monitoring expansiord aontraction of the chest or the abdomen.
The reference sensor collects the data at 25&herefore, to allow direct comparison, we
up-sampled the data sequences from the Thermal Voxel-based method with spline
interpolation to 256Hz.

The proposed algorithmic methods were implemented in MATLAB (2015b, The
MathWorks). The validation process was carried out on a 64-bit Windows 7 desktop (Core i3-
4160T 3.10GHz process, Intel) with 8GB RAM.

4.2 Procedure and dataset

The experimental protocols were designedhwdifferent scenarios along with higher
complexity reflecting the thermal dynamic ranges and motion artifacts. Each experiment was
independently designed forfidirent purposes and each dataset was collected from a new
group of participants. The aim of the first experiment protocol is to generate a dataset for a
systematic evaluation of the method in different thermal dynamic range scenes by using
guided breathing patterns and by constraitifegperson’s movement as in Gagtehl’s [5].

Both the second and third experiment protecare designed to evaluate the proposed
methods under natural breathing conditiotiee second one targets sedentary activities
without constraining movement but with controlled ambient temperature; the last experiment
targets physical activity in fully mobile contsxwith varying ambient temperature. Following
Gastelet al’s [5], only 5 participants were invitedrfthe first experiment protocol. Given the



very controlled nature of this experiment, thismber was considered safént to ensure the
robustness of the test. For the other two erpanis, a slightly higher number was used since
higher variability between participants breathing patterns wpscted. Since, due to ethics
restrictions, only mild physical activity was usatithis stage and gnhealthy participants
were invited such slightly gher number was considered sufficient to cover the expected
amount of variability.

The researcher was in charge of running the experiments. Prior to each experiment,
participants were asked to rednd information sheet and sigre informed consent form. The
experimental protocols were approved by thadst Committee of Uniersity College London
Interaction Centre. The different experimentsdascribed below) led to the creation of three
datasets. The ROI sequences, which were completely trackedtioyaD@uantization and
Thermal Gradient Flow, d&m all the datasets are publicly available at
http://youngjuncho.com/datasets/

4.2.1. Dataset 1: controlled respiration in environments with non-constant
temperature

The aim of the first experiment was to carry ausystematic evaluation of our approach in
environments with different temperature valwesl dynamics. 5 healthy adults (2 female)
(aged 29-38 years, M = 31.4, SD = 3.78) were recruited from the university subject pool.
Following the protocol used in [5], participant&re asked to maintaia stable posture and
breath according to a set of breathing patterns presented to them on a screen. Figure 5 shows
the design for this experiment. As shown in Eia), all the participants were given a thermal
camera attached to an Andt@martphone to record thé&ice and an additional smartphone

that provided the breathing patterns. Figure 5(b) shows the three guiding breathing patterns
composed of slow (10 breaths/min), normal (15 bpm) and fast speed (30 bpm). Each
breathing pattern lasted 30 seconds. The guiding breathing patterns were displayed
dynamically on the screen. Participants wgreen a 60 seconds-training period. Taking
advantage of mobile thermal imaging, particiganere able to monitdhemselves by aiming

the camera at their face. The distance betwbenface and device ranged from 35cm to
55cm. The recordings were repeated in four different places: a controlled rBtaoe('A),
entrance of the building (wind from outside and heat from insidda¢e B), a street corner
(windy) (“Place C) and park (Place D) in winter. The collected dataset consists of
approximately 80 minutes - recamgs (5 participants x 4 plac&st minutes). The person was
asked to remain as still as possible.

Fig. 5. Experiment 1: (a) tobtain different thermal dynamicnge scenes (i.e. environments
with non-constant dynamic tempeureg), four different places were chosen (Place A: room, B:
entrance of the building, C: ca@non the street, D: park), the last image-shot is a thermal
image collected in Place D, the experiment was run in winter, (b) the guiding breathing
patterns are composed of three different rates (10(slow), 15(normal), 30(fast) breaths/min).



4.2.2. Dataset 2: unconstrained respiration during desk activity with natural motion
artifacts

The aim of the second experiment was to testapproach in moreealistic unconstrained
sedentary desk activities. 10 healthy adultSef@ale) (aged 24-31 years, M = 28.4, SD =
2.17) from a variety of ethnical backgroundgirfscolor: from palewhite to black) were
recruited from the university subject pool. The pool includes people from outside the
university. The experiment was conducted in a quiet laboratory room in summer and
simulated desk activity behaviour, consistofghree phases lasting 2 minutes eachitiing

and conversation, ii) reading a news article on the sciahiii) surfing the internet with the
keyboard and mousés described in Fig. 6(a), the mobile thermal camera was installed near
each participant’s face using a shoulder rig aeddistance from the face ranged from 35cm

to 50cm to account fothe spatial resolution (160x120) tfie camera. To ensure natural
motion artefacts, people were told to actunally, i.e. no movement constraints were
imposed. The collected dataset includes a wardétmovement situations, such as head
rotations due to people walking behind theith temporary disappearance of the nostril from
the thermal camera view. The dgg in a participang’ position from phasp to ii) ensured
changes in global temperatwrariance around the nostril-ROI. The experiment resulted in 60
minutes (10 participants x 6 minutes) of thermal video recording of spontaneous breathing
patterns, natural movements in sedentaryecdatand changes in ambient temperature.

Fig. 6. (a) experiment 2: unconstrained respiration in desk activities, (b) experiment 3:
unconstrained respiration in both indeord outdoor light physical activities.

4.2.3. Dataset 3: unconstrained respiration in fully mobile context and varying thermal
dynamic range scenes

The last experiment aimed to measure the raspir patterns for people undertaking natural,
unrestricted actions. lorder to enable mdiy, the thermal camera was attached to a
headset-microphone-shapedwuifjose distance from the face ranged between 20cm and 30cm
as shown in Fig. 6(b). We recruited 8 healthults (5 female), aged 23-31 years (M = 27.0,
SD = 2.93) from various ethnical backgrounds. To simulate a variety of fully unconstrained



situations, the experiment had two main sessions: i) indoor physical activity and ii) outdoor
physical activity. The first session consistedroée tasks of 2 minutes each: walking through

a corridor, standing in a dark room while doing small movement and climbing and descending
stairs. The second session was carried out outzioa street pavement and in a windy park to
involve varying thermal dynamic range scenes. During the session, subjects were guided to
walk slow, walk fast, and stroll in naturphces. Each walking pattern lasted 2 minutes.
Example shots are shown in Fig. 6(b). All sessiwere run in the summer. The final dataset
includes thermal imaging sequences of approtéine®®6 minutes (8 participants x 2 sessions

x 3 activities x 2 minutes).

4.3 Evaluation process
4.3.1. Evaluating ROI-tracking performances

Three state of the art visual tracking algorithms proposed between in 1990s and 2010s were
implemented to evaluate the ROI-trackingfpemance of the Optial Quantization based
Thermal Gradient Flow method. First, Mode-idag (also called mean-shift) algorithm [30]

was selected since it is known as a simple efifective traditional method. For a comparison

with one of the latest work ithermal imaging-based trackimg respiratory rate [6], Megt

al.’'s Sparse Representation [16] was chosen as one of the most advanced methods in the area.
Lastly, Kalalet al's Median Flow [21] was implemerdeas it has been recently used in
thermal imaging [22] and also forms the hamke of our proposed Thermal Gradient Flow
method. Since the employed methods do madle the dynamic quantization issue, the
thermal range of interest to + 5°C from themage temperature ovarmperson’s whole face in

the first thermogram frame. This fixed range waed for static quantization as in [12] (i.e.

the range is [28°C, 38°C]). In most case®, #igorithms stopped working when a tracking
fault occurred, i.e. tracker going off beyond 50% of the nostril region. We also manually
checked the tracking fés to confirm the number of fullyracked frames. This number was

used as tracking performance. For the parameter settings for both the Median Flow and the
Thermal Gradient Flow, the maximum backward-forward error allowed (i.e. Eq. (6)) was set
to 5 for Datasets 1 and 2 (i.e. ‘'small’ RO&nd to 25 for Dataset 3 (i.e. ‘big’ ROI). The
setting of the values was also based onpiwgsical distance between the camera and the
nostril. A repeated measures analysis of variance (ANOVA) test vealstasnvestigate the
effects of the ROI-tracking algorithms on tracking performances. In addition, in the case of
Dataset 1, the effect of environment (iiledoor vs. outdoor places) was also considered.
Hence, we first conducted a two-ways repeatedsures ANOVA to investigate the effect of
each variable on the tracking performances. Thebetter compare the performances of the
four algorithms, two separate one-way repea#BIDVA tests were carried out, one for the
indoor (i.e. indoor room Place A) and one twmtdoor data (i.e. odbor places: Place B-D).

Given that the environments did not vary subtstdly in the case of Datasets 2 and 3, only

the effect of type of algorithm was investigated using one-way repeated measures ANOVA
tests. Finally, for each datasethe ANOVA tests were folleed by pairwise post-hoc
Bonferroni tests with adjustent [31] to compare the performances of the different
algorithms.

4.3.2. Evaluating respiration rate tracking performances

To evaluate the tracking of the respiratory rate, the Thermal Voxel based respiration
estimation method was companegih the traditional and main ppach of using the average
temperature over the nostril ROI [6,10-13]. In this evaluation, we used the ROI-sequences
that were automatically tracked by Optimal QuantizatiosedaThermal Gradient Flow
tracking method. As reference signals, thvaveforms collected from the chest-belt-
respiration sensor were used as described in Section 4.1. To enable the comparison of the two
sensed signals, these were autiically synchronized using th&aximum-Amplitude of



Cross-Correlation (MACC) alignmengxpressed asnax(R, ( )) where Ry is the cross-
correlation between the reference sigrend the estimated signals, ands the discrete lag.

As shown in Fig. 7(a), we synchronized the tsignals by analyzing periodic similarity. Even
though periodicity changes throughout the expent, correct alignment could be achieved
when the cross correlation is applied across all the data feingle trial. To examine
statistical agreement levels betwn two different respiratoryteameasurements, we used the
Bland-Altman plot and the root mean square error (RMSE) as in [4]. Here, the length of the
time-window (i.e. Eqg. (10)) was set to 20 seconds with 15 seconds overlap (i.e. 75%).

Fig. 7. Statistical methods for evaluatioffa) automated-synchronization between estimated
signals and reference signals using reximum-amplitude of cross-correlation (MACQ))
respiration-related goodness probabilityaagspiratory signal quality index (rSQI).

4.4 Respiratory signal quality index (rSQI)

To examine the respiration sidrguality, we use a respiraioiSignal Quality Index (rSQI)
which helps to identify momemtwhen the extracted signadse of poor quality due to
malfunctioning of the sensor. We adapted the goodness metric concept introduced by Kumar
et al. [4], which analyzed the power level of physiological signs in frequency ranges of
interest (e.g. breathing rate: 0.1Hz to 0.85Hedui [6]) to assess the quality of extracted
signals. Both contact and non-contact resiginasensors are known to be influenced by
motion artefacts. For example, the accuracy @asaring the respiration pattern is affected by
physical activity. In the case of the chest-befisee, the movement of a person (e.g. while
walking) may lead to changes in the belt position and hends tension. We extend the
goodness metric proposed in [4] by dividing bend of interest by the total energy within a
half of the sampling frequency (e.g. het@8Hz from 256Hz) to satisfy a statistical
probability condition. As a rSQive define the respiratierelated goodess probability?, as

R R ?i“xs,(f)df
fra) —2———— (12)
3 S (f)df

total

where0 P 1, S, is the power spectral density in Eq. (11), a?rgqq, fmaxare the lower

(e.g. 0.1Hz) and upper (e.g. 0.85Hz) boundaofethe expected breathing rate, respectively.
Figure 7(b) shows the concept and the areaden the dotted lines the numerator of Eq.
(12).



5. Results
5.1 Nostril-region tracking performance

We assessed the performance of each itrgcknethod (Mode Seeking [30], Sparse
Representation [16], Median Flow [21] and Thermal Gradient Flow which is based on
Optimal Quantization) by computing the percentage of frames which were successfully
tracked over all the trials. Figure 8 summaritess results for the nosiiegion tracking in
Dataset 1(controlled respiration in environments with thermal dynamic chanbDaetset 2
(unconstrained respiration during sedentary activity) Rathset 3(unconstrained respiration
during physical activity). Figure 9 comparee fkevel of motion artifacts by using a Euclidian
distance (unit: pixel) between the origin oR®I in the first frame and that in the current
frame. Compared with those from the controldedditions (Fig9(a)), the sedentary activity
(Dataset 2) and physical activity (Dataset 3) produced the higher levels of motion artifacts.
Furthermore, different types afiotion artifacts were found accand to the type of activity:

high peaks of the tracker's movement due to change of one’s head direction during the
sedentary activity and high flu@tions of the movement due to the oscillation of the rig
during the physical activity.

Fig. 8. Overall results of theostril-tracking performance of Thermal Gradient Flow compared
with existing methods: (a) Dataset 1 (controlled in non-constant temperature scenes), (b)
Dataset 2 (unconstrained respion during sedentary activityjc) Dataset 3 (unconstrained
respiration during physical activity).

Fig. 9. Quantified motion artifacts using the tefa Euclidean distancedm the origin of the
nostril-ROI at the first frame: (a) example frd»ataset 1 (fully controlig), (b) from Dataset 2
(sedentary behavior), and (cdfn Dataset 3 (physical activity).

Dataset 1: overall results

For the data collected &lace A(a room, which has a low thermal dynamamge), while

Mode Seeking performed the worst, the other three produced highly reliable results similarly
(see Fig. 8(a) - Place A). On the other hand, for the data colled®idces B-D(i.e. outside)
characterized bhigh thermal dynamicanges, Thermal Gradient Flow produced significantly
better results and was ablettack all frames in all situeons (Mode-seeking: M = 47.25%,



SD = 33.04, Sparse Representation: M = 71.31%, SD = 29.37, Median Flow: M = 76.35%,
SD = 26.16, and Thermal Gradient Flow: M = 100.00%, SD = 0.0) as summarized in Fig.
8(a).

As described in Section 4.3.1, we testesl dhierall success rates using two-way repeated
measures ANOVA. Although we found that the type of environment (F(3,12) = 6.881,
p<0.01), the algorithm (F(3,12) = 7.602, p<0.005) and the interaction between the two
independent variables (F(9,36) = 2.24, p<0.05) had significant effects on the correct success
rate as summarized in Table 1, no significant differences within each variable were found
from the pairwise post-hoc analysis.

Table 1. Effects of different environments (i.e. different thermal dynamic range scenes)

and algorithms on the success rate of the nadtregion tracking from Dataset 1 using
two-way repeated measures ANOVA

Source Sum of squares  df Mean square F p-value
Environment 7778.596 3 2592.865 6.881 0.006
Algorithm 24255.468 3 8085.156 7.602 0.004
Environment*Algorithm 7061.431 9 784.603 2.24 0.042

Then, we grouped Place B-D as outdoor conditeong separately tested significance of
each ROI tracking methods for outdoor (i.e. highrmal dynamics) and for indoor (i.e. low
thermal dynamics) conditions, ugimne-way repeated measufddOVA. Interestingly, there
was a stronger significant effect of the type of algorithm on the success rate in the outdoor
(i.e. Place B-D) condition (F(3,42) = 12.237, p<0.001) as destciib&able 2. The pairwise
comparisons for this outdoor condition showed significarffedince between the
performance of Thermal Gradient Flow and those of Mode-Seeking (p = 0.000) and Sparse
Representation (p = 0.012). Although thereswa significant difference between Thermal
Gradient Flow and Median Flow (p = 0.021), Thermal Gradient Flow provided higher results
(see Fig. 8(a) - Place B-D). On the other hahdre was no significant differences between
the performances of the tracking algorithms in the indoor condition (F(3,12) = 2.828, p>0.05)
as summarized in Table 3. Thiessult is consistent with thenfilings from the literature where
high performances of the ROI tracking in indoor environments are reported (such as [6]),
indicating that state-of-thetamethods were reliably impinented for our experimental
evaluation.

Table 2. Significance test to assess effects of different algorithms on the success rate in the

outdoor condition (i.e. Place B-D in Dataset high thermal dynamic¥ using one-way
repeated measures ANOVA

Source Sum of squares  df Mean square F p-value
Algorithm 21060.252 3 7020.084 12.237 0.000

Table 3. Significance test to assess effects of different algorithms on the success rate in the
indoor condition (i.e. Place A in Dataset llpw thermal dynamics) using one-way repeated
measures ANOVA

Source Sum of squares  df Mean square F p-value
Algorithm 4777.893 3 1592.631 2.828 0.083

Datasets 2 and 3: overall results

For data collected while the persons were @nrtfove (i.e. Datasets 2 and 3), our approach
outperformed all the other methods (Dataset 2 — Fig. 8(b): Mode-seeking: M = 28.47%, SD =
28.37, Sparse Representation: M = 76.70%, SD = 31.58, Median Flow: M = 67.95%, SD =
34.65, and Thermal Gradient Flow: M = 99.84%, SD = 0.49; Dataset 3 — Fig. 8(c): Sparse
Representation: M = 78.21%, SD = 26.86, Median Flow: M = 48.19%, SD = 35.02, and
Thermal Gradient Flow: M = 100.0%, SD = 0.0). Considering the low performance of Mode-
Seeking found in Datasets 1 and 2, we exclutisdmethod in the congpisons for Dataset 3.



Given the independent variable in Datasetan?l 3 is the type of algorithm, a one-way
repeated measures ANOVA test was used. Thdtseare summarized in Table 4 and 5. Here,
strong significant effects adlgorithm on success rate resultere found with F(3,27) =
17.822 (p<0.001) for Dataset 2 and F(2,30) = 17.029 (p<0.001) for Dataset 3. The pairwise
post-hoc analysis confirmed that Thermal Gratdlow produced sigrifantly better results

than Median Flow (p = 0.000) and Sparse Representation (p = 0.016) in the contexts of both
high thermal dynamic ranges and motion artfadh the case of niion artifacts only
(Dataset 2), no significant fiérences were found between Thermal Gradient Flow and the
advanced tracking methods. Once again, we found that Mode-Seeking performed worst and
Thermal Gradient Flow performed best (Sparse Representation: p = 0.016, Median Flow: p =
0.031, Thermal Gradient Flow: p = 0.000). By all accounts, our method appears to be the
most robust in high dynamic temperature range scenes.

Table 4. Effect of different algorithms onROI tracking performance in sedentary
activities (i.e. Dataset 2) using one-way repeated measures ANOVA

Source Sum of squares  df Mean square F p-value

Algorithm 26522.909 3 8840.970 17.822 0.000

Table 5. Effect of different algorithms onROI tracking during physical activities (i.e.
Dataset 3) using one-way repeated measures ANOVA

Source Sum of squares  df Mean square F p-value
Algorithm 21654.360 2 10827.180 17.029 0.000

5.2 Respiratory rate estimation performance

Figure 10 compares Thermal Voxel-based respiration estimation method with the temperature
averaging approach to extracting respiratory signals. Figure 10(a), 10(d), 10(g) shows, in the
time domain, the respiratory signals extracted from both methods and the ground truth (belt-
sensor) for a subject randomly chosen as amele: (a) for subject S5 from Dataset 1, (d)

for subject S10 from Dataset 2, and (g) for subject S7 from Dataset 3. Figure 10(b), 10(e),
10(h) illustrates the spectrograms (produced using RVE4l) showing the calculated
respiration rates corresponding to the same subjects. The respiration-related goodness
probability P, (see Eq. (12)) from each time-windowsveomputed and the overall data from
every subject is described in the histogramarcl{see Fig. 10(c), 10(f), 10(i)). From the
sequences for Dataset 1, fheof each measurement shows ilamdistributions for the three
methods (Thermal Voxel-based: M = 0.9895, SD = 0.0103, average-based: M = 0.9815, SD =
0.0181, ground-truth: M = 0.9825, SD = 0.0174), indicating that the respiration rates
calculated by each measurement were geneelbble. For the sequences for Datasets 2 and

3, on the other hand, differeRt distributions were found. Ovali, lower signal quality levels

were observed in comparison witie controlled situations (i.®ataset 1). More specifically,

for Dataset 2 (i.e. sedentary activity), while Thermal Vdated method and the ground
truth had a similar distribution (Thermal Voxel-based: M = 0.9639, SD = 0.0468, ground-
truth: M = 0.9694, SD = 0.0437), the quality ©i§nals extracted bthe traditionhaverage-

based method appeared to be more deteriorated (M = 0.9287, SD = 0.0771). From the
spectrogram, for example, patterns resulted fitrarmal Voxel integration method are more
similar to those from the ground truth inngparison with the traditional method (e.g. see the
label * in Fig. 10(e)). In the case of Dataset 3 (physical activity), our method produced the
highest signal quality while the ground truth from the betisee sufferednore from the
physical movement (Thermal Voxel-based:=VD.9640, SD = 0.0434, average-based: M =
0.9555, SD = 0.0490, ground-truth: M = 0.9170, SD = 0.0964). In particular, except for the
segment involving a stationatask (i.e. labeled a& in Fig. 10(g), 10(h): standing with a
small movement in a dark room where there were less motion artifacts), the ground truth
method produced relatively unclear patterns in the spectrogram.



Fig. 10. Results of respiratory signature extraction: (a,d,g) time-domain signal, (b,e,h)
frequency-domain signal (respiration rate), &odi,i) the respiration-related goodness metric.
The Thermal Voxel-based method is more rohibian the traditional averaging-based method
for Dataset 1 (a-c) and Dataset 2 (d-f). For Dataset 3 (g-i) (i.e. fully mobile contexts), the
ground truth shows less reliability in the respaa tracking, except for the segment A in (g)
(i.e. standing with small movement).



Dataset 1: Bland-Altman and RMSE analysis

Figure 11 summarizes the owviraccuracy results of the resmtory rate estimation for
Dataset 1. The Thermal Voxel integration method produced highly robust performances:
mean bias of 0.0882 bpm withe 95% limits of agreement beir&p.7956 to 0.9721 bpm

(Fig. 11(a)). By contrast, the traditional averaging method produced the mean bias of 0.0755
bpm with the 95% limits of agreement bei&y8670 to 2.0179 bpm (Fig. 11(b)). In addition,

the Thermal Voxel-based method shows stronger correlations with the ground truth (r =
0.9987, p<0.001) from the belt sensor than the traditional averaging method (r = 0.9936,
p<0.001) does. As summarized in Fig. 11{a® RMSE of Thermal \iel integration method
(0.459bpm) was lower than the error of the traditional averaging method (0.993bpm). Finally,
we compare the results of the methods separately over each type of environment provided in
Dataset 1. Figure 12 summarizes the resultshef analysis for different environment in
Dataset 1. In particular, the performance of the traditional method tends to be more affected
by the different range of thermal dynamics in comparison with our method (RMSEs of
Thermal Voxel integration ntieod: 0.452bpm for Place A,825bpm for Place B, 0.420bpm

for Place C, 0.429bpm for Place D, RMSEgahperature averagingethod: 0.651bpm for

Place A, 1.286bpm for Place B, 1.18fbfor Place C, 0.686bpm for Place D).

Dataset 2 and 3: Bland-Altman and RMSE analysis

Given the signal quality of thground truth measurements foatasets 2 and 3 were much
poorer than those for Dataset 1 (see Fig. 10 (c), 10(f), 10(i)), the belt sensor could not act as
the ground truth. Therefore, we tested theeament by extracting the estimated respiration
rates of which rSQI is greater than or equal to the mean thhenground truth in Dataset 1

(i.,e. P, 0.9825). For Dataset 2, Thermal Voxel integration method produced a mean bias of
0.0650 bpm with 95% liits of agreement bein§1.9591 to 2.0890 bpm (Fig. 13(a)), while

the traditional averaging methathowed the mean bias 00.8735 bpm with 95% limits of
agreement being4.4010 to 3.8540 bpm (Fig. 13(b)). Accordingly, samples derived from
Thermal Voxel integration method and the tiadal approach were correlated with the
reference with r = 0.9579 (p<0.001) and r = 0.8743 (p<0.001), respectively. The RMSE was
also reduced more than twice from 2.11bpm. @veraging method) to 1.03bpm (i.e. Thermal
Voxel integration) (see Fig. 13(c)). For Dataset 3, both mstpoaduced less reliable results
(Fig. 14) Thermal Voxel-based: mean biasi9.1405 bpm, 95% limits of agreement=
i4.9480 to 4.6670 bpm, r = 0.8270 (p<0.001), RMSE = 2.45bpm; the traditional one:
mean bias = 0.1921 bpm, 95% limits of agreemei®2682 to 4.8840 bpm, r = 0.7990
(p<0.001), RMSE = 2.59bpm

Fig. 11. Dataset 1 (overall): Bland-Altman #atf (a) Thermal Voxel integration method, (b)
the traditional averaging method, and (c) overall RMSE comparisons.



Fig. 12. Dataset 1 (separate results along wighdifferent environment): (a) Bland-Altman
plots of Thermal Voxel integration methodidathe traditional averaging method, and (b)
RMSE comparisons for Place A — D.

Fig. 13. Dataset 2: Bland-Altman plots (f) Thermal Voxel integration method, (b) the
traditional averaging based estimation method, and (c) overall RMSE comparisons. The mean
P: value (rSQI) from the ground truth in Dataset 1 was set as exclusion criferior8g25).














