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Abstract
Respiratory rate (RR) is a key vital sign that has been traditionally employed in the clinical assessment of patients and in the 
prevention of respiratory compromise. Despite its relevance, current practice for monitoring RR in non-intubated patients 
strongly relies on visual counting, which delivers an intermittent and error-prone assessment of the respiratory status. Here, 
we present a novel non-invasive respiratory monitor that continuously measures the RR in human subjects. The respiratory 
activity of the user is inferred by sensing the thermal transfer between the breathing airflow and a temperature sensor placed 
between the nose and the mouth. The performance of the respiratory monitor is assessed through respiratory experiments 
performed on healthy subjects. Under spontaneous breathing, the mean RR difference between our respiratory monitor and 
visual counting was 0.4 breaths per minute (BPM), with a 95% confidence interval equal to [− 0.5, 1.3] BPM. The robustness 
of the respiratory sensor to the position is assessed by studying the signal-to-noise ratio in different locations on the upper 
lip, displaying a markedly better performance than traditional thermal sensors used for respiratory airflow measurements.
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1  Introduction

Continuous non-invasive respiratory monitoring has gained 
renewed interest in hospital settings such as the post-anes-
thesia care unit (PACU), the intensive care unit, and the 
general floor, as it can provide early warnings and alerts of 
respiratory compromise in non-intubated patients [4, 21]. 
Respiratory rate (RR) is a key vital sign that has long been 
used as a primary parameter in the evaluation of the health 
condition of a patient [11]. In particular, RR plays a key role 
in the prevention and management of postoperative opioid-
induced respiratory depression, a life-threatening condition 

that can occur in patients undergoing pain-management 
treatments based on opioids who present low RR [5, 12]. 
The prevention of respiratory compromise has been recog-
nized as a priority by the Joint Commission, highlighting the 
relevance of developing reliable and cost-effective respira-
tory monitoring systems for RR [15].

Despite the importance of continuously monitoring RR in 
hospital patients, the current standard of care for assessing 
the respiratory condition largely relies on visual counting, 
which leads to an intermittent and inaccurate measurement 
of RR [10]. Pulse oximeters have been traditionally used to 
assess the respiratory condition of patients, and have gained 
their popularity based on their non-invasiveness, cost-effec-
tiveness and worldwide availability [6]. However, pulse oxi-
meters can be late in the detection of respiratory depression, 
as in such condition they measure the decrease of peripheral 
bloodstream oxygenation, which is known to be a late symp-
tom of respiratory compromise [21]. Advanced signal pro-
cessing from photopletismography has been recently develop 
to deliver a continuous estimate of RR [2]. A more accurate 
non-invasive approach to respiratory monitoring are systems 
based on measuring changes of thoracic electrical imped-
ance. Some impedance-based systems have the advantage of 
delivering not only RR but also other important ventilatory 
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parameters such as minute ventilation [3, 19]. Impedance-
based respiratory monitors, however, have the disadvantage 
of being inaccurate in detecting RR in the low-frequency 
range, as well as being subject to motion artifacts [6]. RR 
continuous estimates based on the motion of the chest and 
abdomen have also been estimated using piezoelectric sens-
ing devices [13].

An alternative method to monitor respiratory activity 
is the use acoustic transducers attached to the throat of 
patients. Acoustic signals acquired are then filtered, from 
which RR can be determined with high accuracy [8, 17]. 
However, noise coming from the environment or from the 
patient when he or she coughs, sneezes, snores or cries can 
decrease the performance of respiratory monitors based on 
acoustic sensors [7]. More recently, optical cameras and 
radars have been used to contactless monitor the respiratory 
activity. Using a camera and image processing, RR has been 
inferred by determining the changes in color of the skin of 
patients [18], which has also been studied by analyzing tem-
perature changes in thermal images from infrared thermal 
cameras [9]. RR can also be determined from chest motion 
by tracking pixels trajectories from camera images [14] as 
well as using radar technology [20]. While these methods 
provide a novel contactless alternative to standard moni-
toring systems, they can be sensitive to involuntary body 
motions, and their estimates can be hindered in the hospital 
setting when people or objects block the space between the 
device and the chest of the patient.

In this paper, we present a novel continuous and non-inva-
sive temperature respiratory monitoring system (TRMS) for 
RR. Nasal and oral respiratory flow is derived from analyz-
ing temperature changes occurring at the respiratory sensor, 
and then used to estimate the RR. We test the accuracy and 
robustness of the system in the estimation of RR under dif-
ferent guided and spontaneous respiratory settings in normal 
volunteers.

2 � Materials and methods

2.1 � Description of the monitoring system

The temperature-based respiratory monitoring system 
consists of a respiratory sensor, and an external monitor, 
where respiratory signal, respiratory frequency and other 
flow parameters are displayed. The respiratory sensor is 
a wearable, lightweight, non-invasive device that adheres 
to the skin below the nose and above the upper lip of the 
subject. It measures the thermal component of the user’s 
respiration gas flow and transforms temperature into an 
electrical signal, which is processed and sent to the exter-
nal monitor. An isometric view of the sensor is included 
in Fig. 1. The sensor includes one housing made of plastic 

material with low thermal conductivity. The fixation of the 
sensor to the user skin is materialized either through an 
medical-grade adhesive sticker placed in the surface that 
is in contact with the skin. The dimensions of the sensor 
( length × width × height ) are 30 mm × 16 mm × 20 mm 
and the weight is 8 g.

Nasal and oral thermal collectors made of copper are 
installed in the housing surface facing nasal and oral flow. 
Thermal collectors transfer the heat coming from the res-
piration gas flow to temperature sensors, placed inside the 
housing and in contact with the collectors. Temperature 
changes of the respiratory flowing gas will result in pro-
portional changes in the thermal sensor resistance, which 
are transformed into continuous electrical signals that are 
transferred to the external monitor for further processing. 
An analog-to-digital converter (ADC) integrated in a micro-
controller within the external monitor converts the analog 
voltage signal into digital data (10-bit resolution and 100-S/s 
sampling rate), which is then processed to obtain the relevant 
respiratory flow parameters.

To estimate the RR the nasal and oral signals are added, 
and a mean-crossing algorithm is employed. Mean-crossing 
algorithms generally results in accurate estimates both for 
low and high frequencies [16]. Figure 2 shows how RR is 
computed using a representative graphical example. We 
use a time window of 30 s to compute the mean respiratory 
cycles periods, in order to estimate the mean respiratory rate. 
After signal processing, the respiratory signal is graphically 
displayed in the screen of the external monitor, along with 
the RR.

2.2 � Position sensitivity and human breathing tests

Twenty healthy subjects, ten females and ten males, were 
recruited for this study and underwent a protocol approved 
by the institutional ethics committee of the Pontificia Uni-
versidad Católica de Chile. Inclusion criteria were: volun-
teers with age between 18 and 65 y old, non-smokers, no 

Fig. 1   Isometric view of the respiratory sensor: (1) Case, (2) Flexible 
support, (3) Nasal heat concentrator, (4) Oral heat concentrator
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record of chronic pulmonary disease, and no allergies to 
copper. The breathing sensor was installed in all subjects, 
and the respiratory signal was continuously measured during 
the whole duration of the study. Additionally, a pulse oxi-
meter (Particle sensor, MAX30105, Sparkfun, Niwot, Colo-
rado, USA) was installed on all the subjects to continuously 
record the peripheral oxygen saturation (SpO2). During the 
experiment, visual counting of respiratory cycles was elec-
tronically recorded by means of a push-button counter con-
trolled by an expert, which was considered the gold standard 
for the purpose of method comparison and error analysis. 
All subjects were requested to lay down on a stretcher in 
supine position.

To test the sensitivity of the sensor to the position, we 
acquired respiratory signals at several positions in a grid 
marked on the face of one volunteer, as shown in Fig. 3. The 
grid spacing was 7.5 mm both in the horizontal and vertical 
directions. The subject breathing was guided by a metro-
nome set at 6 and 15 BPM for a period of 1 min. Respiratory 
flow signals acquired by the sensor were then processed to 

compute the RR in a continuous way, and signal-to-noise 
ratio (SNR). The protocol was repeated on the same subject 
using a thermistor instead of the TRMS (NTC 10k thermis-
tor, Vishay Components, Malvern, Pennsylvania, USA), for 
which the same outputs were recorded, in order to compare 
both performances.

Several human breathing tests were performed on all vol-
unteers as part of the experimental protocol. First, subjects 
were asked to breath through their nose for one minute fol-
lowing a metronome at rates 6, 8 and 10 BPM. This experi-
ment was then repeated for oral breathing, with nasal flow 
blocked by using nose pins. Second, subjects were asked to 
rest and breath spontaneously during 10 min. Third, after 
a period of 1 min of spontaneous breathing, subjects were 
asked to hold their breath as long as it was comfortable for 
them. Finally, after a second period of one min of normal 
breathing, subjects were asked to breath against a closed 
glottis for as long a they could, to simulate obstructed 
breathing situations.

2.3 � Statistical analysis

The RR signal delivered by the monitoring system was com-
pared to the gold standard. The relative error for the moving 
time window i was calculated as

where RRi,ref  is the reference value of RR obtained from 
visual counting, and RRi,TRMS is the RR obtained from the 
TRMS. The bias is defined as the average of the set of rela-
tive errors ( i = 1, ...,Nwindows ), the precision is the standard 
deviation of the set of relative errors, and the accuracy is 
defined as the root-mean-square value of the relative error 
set.

3 � Results

The SNR was computed for all locations in the grid consid-
ered in the position sensitivity study. Continuous maps were 
generated, by means of interpolation, for the cases of guided 
RR = 6 BPM (Fig. 4a) and guided RR = 15 BPM (Fig. 4b), 
both for the thermistor and the TRMS. A solid line is plot-
ted in all figures for the level set where SNR = 0 , indicat-
ing regions where the signal and the noise have the same 
amplitude. In both cases, the SNR distribution in the case 
of the TRMS was positive for practically the entire spatial 
domain considered in the study. In contrast, the thermistor 
had positive SNR values close to the nostrils, and quickly 
decayed as it was located farther away.

(1)Errori [%] =
RRi,TRMS − RRi,ref

1

2
(RRi,TRMS + RRi,ref )

Fig. 2   RR estimation using a mean-crossing algorithm

Fig. 3   Grid and position markers for the sensitivity test
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Accuracy of the RR estimated by the TRMS and by a 
thermistor was computed for all locations in the grid con-
sidered in the position sensitivity study. Continuous maps 
were generated by means of interpolation for the cases of 
guided RR = 6 BPM (Fig. 5a) and guided RR = 15 BPM 
(Fig. 5b), both for the thermistor and the TRMS. In the 
case of the TRMS, the accuracy was less than 5% for most 
of the area under study, with the exception of a very small 
region in the bottom right corner. In contrast, the ther-
mistor only achieves accuracy values less than 5% in a 
reduced region directly under the nostril, out of which 
accuracy rapidly increases up to values of 40%.

The respiratory signals for one subject under guided and 
spontaneous breathing are reported in Fig. 6. Bias, preci-
sion and accuracy values for the sample group under guided 
breathing at 6, 8 and 10 BPM are reported in Table 1 for 
nasal breathing and oral breathing. The mean error for nasal 
breathing and oral breathing was 0.1 and − 1.6 BPM respec-
tively (Fig. 7). In these controlled experiments, the absolute 
bias (average error) was less than 0.2 BPM and 2.0 BPM 
for nasal and oral breathing, respectively. In general, error 
measures for the case of oral breathing are larger than in the 
case of nasal breathing.

The time evolution of the RR for a representative subject 
(subject 10) under spontaneous breathing, measured both 

Fig. 4   Signal-to-noise ratio map during sensitivity test. a Guided breathing at 6 BPM. b Guided breathing at 15 BPM. Solid black line shows the 
level set that corresponds to SNR = 0 dB

Fig. 5   Accuracy map during sensitivity test. a Guided breathing at 6 BPM. b Guided breathing at 15 BPM



227Journal of Clinical Monitoring and Computing (2020) 34:223–231	

1 3

by the TRMS and by visual counting, is reported in Fig. 8a. 
The TRMS closely follows the reference values during the 
entire time frame of the spontaneous breathing experiment. 
To assess the agreement between the TRMS and the visual-
count reference, a Bland-Altman plot for the representative 
subject is included in Fig. 8b, where the mean RR difference 

is − 0.04 BPM, the standard deviation is 0.4 BPM, and the 
95% confidence interval is [− 0.8, 0.7] BPM.

Bland-Altman analysis was also performed for the 
whole sample of volunteers ( N = 20 ) under spontaneous 
breathing, whose results are included in Fig. 9. In this 
case, the mean and standard deviation of the RR difference 

Fig. 6   Respiratory patterns of a volunteer. a Guided breathing at 6 BPM. b Guided breathing at 8 BPM. c Guided breathing at 10 BPM. d Spon-
taneous breathing

Table 1   Error analysis for guided breathing tests. Absolute error is expressed in BPM, relative error reported in parenthesis

CI confidence interval

RR [BPM] Nasal Oral

6 8 10 6 8 10

Bias 0.1 (1.8%) 0.1 (1.5%) 0.2 (1.5%) − 0.9 (− 27.4%) − 1.9(− 39.4%) − 2.0(− 34.8%)
Bias 95% CI [0.06, 0.16] [0.06, 0.18] [0.11, 0.20] [− 1.86, 0.06] [− 3.11, − 0.75] [− 3.50, − 0.49]
Precision 0.2 (3.4%) 0.3 (3.3%) 0.3 (2.8%) 2.3 (61.0%) 2.8 (60.2%) 3.6 (62.7%)
Accuracy 0.2 (3.8%) 0.3 (3.6%) 0.3 (3.2%) 2.5 (66.9%) 3.4 (72.0%) 4.1 (71.7%)
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between the TRMS and the reference method for the group 
was 0.4 BPM and 0.45 BPM, respectively. The 95% con-
fidence interval for the average RR difference was [− 0.5, 
1.3] BPM.

The time evolution of the TRMS signal and RR, and the 
peripheral oxygen saturation (SpO2) measured by pulse oxi-
metry in subject 7 for the erratic breathing test is reported in 
Fig. 10a. From the respiratory signal, a plateau is found in 
the time interval [60,90], which corresponds to a breath hold 
of roughly 30 s. During that time frame, the RR measured 
by the TRMS reached 5 BPM only 15 s after respiratory 

flow was held, whereas the SpO2 was above 98% during the 
entire time frame analyzed.

During the spontaneous breathing study of subject 6, 
apnea events not directed by the examiner were captured 
both by the TRMS system and by visual counting when 
the patient fell asleep. The TRMS signal and RR, and the 
peripheral oxygen saturation (SpO2) measured by pulse oxi-
metry for subject 6 are reported in Fig. 10b. Three apnea 
events were recognized from the respiratory signal, where 
plateaus are clearly identified. The RR measured by the 
TRMS fell down to 6 BPM during the three apnea events 

Fig. 7   Bland Altman plots for guided respiration tests. a Nasal breathing. b Oral breathing

Fig. 8   Results for the spontaneous breathing test for a representative subject. a Respiratory rate evolution in time for the TRMS and the refer-
ence method (visual counting). b Bland-Altman plot for assessing the agreement of RR [BPM] measured by TRMS and the reference method
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identified. The SpO2 was above 95% during the whole dura-
tion of the study, but some oscillations were observed, which 
seemed to be temporally correlated to the TMRS RR signal.

4 � Discussion

In this work we have presented a novel temperature-based 
respiratory monitoring system. A novel concept in the TRMS 
is the thermal collector included in the respiratory sensor, 
made of a thermally-conductive material facing the respira-
tory gas entering and leaving the nose and mouth. From 
our study on the position sensitivity for nasal breathing, we 

confirmed that the TRMS sensor provides a positive SNR for 
a larger region of placement than that delivered by standard 
thermistor, significantly outperforming standard thermistors 
when subject to misplacement. This enhanced performance 
of the TRMS is also reflected by accuracy values that were 
considerably smaller than those delivered by the thermistor 
system. These findings suggest that the TRMS can robustly 
measure nasal respiratory signal and RR more accurately 
than standard thermistors for a variety of positions, which 
highlights the robustness of the TRMS to accidental mis-
placement during installation.

Spontaneous-breathing tests showed that the TRMS 
provides an accurate estimate of the RR when com-
pared to visual-based RR estimates. In the sample 
group, the mean RR difference obtained from the TRMS 
was 0.4 ± 0.45 BPM (equivalently, bias = 0.4 BPM , 
precision = 0.45 BPM , and accuracy = 0.36 BPM ), which 
is comparable with studies using an electrical-impedance 
monitor on healthy subjects [19], a piezo-electric based 
monitor on PACU patients [13], and a photo-pletismogra-
phy-based monitor on healthy subjects [1] reported in the 
literature, where the mean RR difference were 0.1 ± 0.17 
BPM, 0.41 ± 1.79 BPM and 0.23 ± 1.14 BPM, respectively. 
While the mean RR difference obtained with the TRMS is 
at the upper end of these values, we note that the standard 
deviation is at the lower end, supporting the good preci-
sion in estimating RR provided by the TRMS. Further, 
we note that a small standard deviation directly impacts 
the 95% confidence interval for the mean RR difference, 
which in our case was [− 0.8,0.7] BPM. The length of this 
confidence interval is significantly below 3 BPM, which 
has been used as a measure to classify RR estimates as 

Fig. 9   Subject group Bland-Altman plot for assessing the agreement 
of RR [BPM] measured by the TRMS and the reference method

Fig. 10   Results for erratic breathing conditions. a Time evolution of 
TRMS signal amplitude, respiratory frequency and pulse-oximeter 
SpO2 for subject 7 under simulated apnea (controlled breath hold). b 

Time evolution of TRMS signal amplitude, respiratory frequency and 
pulse-oximeter SpO2 for subject 6 during a spontaneous apnea event
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clinically relevant [13]. RR estimates obtained by the 
TRMS in spontaneous breathing subjects are, in general, 
significantly more accurate than those based on visual 
imaging ( bias = 4.72 BPM [18]), near infra-red imaging 
( accuracy = 1.12 BPM [14]), and infrared thermography 
( bias = 1.75 BPM [9]).

From the erratic breathing tests we conclude that the 
TRMS is capable of detecting when respiratory flow stops 
by using a threshold on the RR signal (RR < 6 BPM). Such 
approach was able to capture breath hold conditions in 
healthy subjects with a latency no larger than 20 s. In all 
subjects, SpO2 during such trained apnea events was very 
steady, and never reached saturation values below 95%. 
An interesting observation is the case of one patient who 
developed spontaneous apnea events while asleep. In that 
case, the TRMS was able to accurately detect such events, 
which suggest that the TRMS has a potential in alerting 
apnea events. Further studies that focus on sleep apnea and 
respiratory depression should be carried out to evaluate in 
depth this clinical application for the TRMS.

An important limitation of this study was the lower 
performance of the oral sensor in estimating RR, as evi-
denced by the controlled-breathing experiments where 
the maximum error bias was − 2.0 BPM, which is large 
when compared to the maximum bias of 0.2 BPM obtained 
for the nasal breathing case. Future developments of the 
TRMS should improve the temperature-based signal in 
order to decrease the measurement error. This finding not-
withstanding, we note that the lower performance of the 
oral sensor does not adversely affect the TRMS estimate 
of the RR for spontaneous breathing, which can be nasal 
or oral. Future studies should also focus on validating the 
performance of the TRMS in patients in a clinical setting, 
such as the PACU, in order to confirm the applicability of 
our system to clinical respiratory monitoring purposes.
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