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Definitions:

RR – respiratory rate

ECG – electrocardiogram

PPG – photoplethysmogram

Accompanying resources: 
http://peterhcharlton.github.io/RRest/webinar.html

http://peterhcharlton.github.io/RRest/webinar.html


Importance of RR

• Diagnosis

• Pneumonia 

• Sepsis

• Pulmonary embolism

• Prognosis

• Acute deteriorations

• Cardiac arrest

• In-hospital mortality

• Emergency department screening
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Further details at DOI: 10.1109/RBME.2017.2763681 , Section 1.A

http://doi.org/10.1109/RBME.2017.2763681


Measuring RR

Thoracic Band Face Mask Oral-Nasal Cannula

• Thoracic impedance / inductance

• Air flow / pressure

• Accelerometry



Measuring ECG and PPG

Wearable Pulse OximeterECG Patch

Further details at DOI: 10.1109/RBME.2017.2763681 , Section 1.B

http://doi.org/10.1109/RBME.2017.2763681
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PPG ECG
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Further details at DOI: 10.1109/RBME.2017.2763681 , Section 1.C

http://doi.org/10.1109/RBME.2017.2763681


Literature

RR algorithms described in 

> 196 publications

Further details at DOI: 10.1109/RBME.2017.2763681 , Section 2

http://doi.org/10.1109/RBME.2017.2763681
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Case Study 1

cardiac
arrest

normal RR

urgent response

early warning

ECG-derived RRs every 10 mins on hospital ward 
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Implementation

Charlton P.H. et al.

Breathing rate estimation from the electrocardiogram and 

photoplethysmogram: a review,

IEEE Reviews in Biomedical Engineering, In Press, 2017.

DOI: 10.1109/RBME.2017.2763681 . CC BY 3.0 Licence

http://doi.org/10.1109/RBME.2017.2763681
https://creativecommons.org/licenses/by/3.0/
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Further details of the structure of algorithms and possible mathematical techniques:
DOI: 10.1109/RBME.2017.2763681 , Section 3

Structure of Algorithms

http://doi.org/10.1109/RBME.2017.2763681
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Case Study 2

ECG-derived RRs every minute throughout 3-day stay on hospital ward

normal RR

each minute
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manual 
measurements
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> 100 algorithms 

Algorithm Assessments

RR algorithms described in 

> 196 publications

Several potential applications

Difficult to determine which algorithm, if any, is suitable:



Focused on developing novel algorithms:

Previous Algorithm Assessments

1
48%

2 to 5
39%

6 to 10
9%

11 to 15
3%

16+
1%

Number of algorithms assessed

(out of 196 
publications)



Primarily used data from young adults, and healthy subjects:

Previous Algorithm Assessments

No. 
Publications

0

20

40

60

80

100

120

140

0 0.1-17 18-39 40-69 70+

Age

0

20

40

60

80

100

120

140

Healthy Sick in
Community

Acutely-ill Critically-ill

Health

of greatest interest



Many used publicly available datasets:

Previous Algorithm Assessments

Dataset No. subjects Age ECG PPG Level of Illness

CapnoBase 42 paediatric, adult ✓ ✓ surgery, anaesthesia

MIMIC-II 23,180 paediatric, adult ✓ ✓ critically-ill

MGH/MF 250 paediatric, adult ✓ critically-ill

MIMIC 72 adult ✓ ✓ critically-ill

VORTAL 57 adult ✓ ✓ healthy

Fantasia 40 adult ✓ healthy

UCD Sleep Apnea 25 adult ✓ healthy, apnea

CEBS 20 adult ✓ healthy

ECG and Resp 20 adult ✓ healthy

MIT-BIH Polysomnographic 18 adult ✓ healthy, apnea

Apnea-ECG 8 adult ✓ ✓ healthy, apnea

Portland State 1 paediatric ✓ ✓ critically-ill

http://www.capnobase.org/database/pulse-oximeter-ieee-tbme-benchmark/
https://physionet.org/physiobank/database/mimic2wdb/
https://physionet.org/pn3/mghdb/
https://physionet.org/physiobank/database/mimicdb/
http://peterhcharlton.github.io/RRest/vortal_dataset.html
https://physionet.org/physiobank/database/fantasia/
https://www.physionet.org/pn3/ucddb/
https://www.physionet.org/pn6/cebsdb/
https://www.physionet.org/physiotools/edr/
https://physionet.org/physiobank/database/slpdb/
https://www.physionet.org/physiobank/database/apnea-ecg/
https://www.pdx.edu/biomedical-signal-processing-lab/traumatic-brain-injury-data


Previous Algorithm Assessments

Further details of previous algorithm assessments:

DOI: 10.1109/RBME.2017.2763681 , Section 4. A

http://doi.org/10.1109/RBME.2017.2763681


Example Assessment

Charlton P.H. and Bonnici T. et al.

An assessment of algorithms to estimate respiratory rate 

from the electrocardiogram and photoplethysmogram

Physiological Measurement, 37(4), 2016.
DOI: 10.1088/0967-3334/37/4/610 . CC BY 3.0 Licence

https://doi.org/10.1088/0967-3334/37/4/610
https://doi.org/10.1088/0967-3334/37/4/610
http://doi.org/10.1088/0967-3334/37/4/610
https://creativecommons.org/licenses/by/3.0/


Primary aim:

• Determine how closely algorithms agree with a gold standard reference RR 

under ideal conditions

Secondary aims:

• Compare performance to impedance pneumography

• Compare performance when using ECG or PPG

Example Assessment
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14 techniques 12 techniques 5 techniques 370 algorithms

Implementing RR algorithms:



Example Assessment

Verifying algorithm implementations:

• Simulated data

• RR = 18 bpm, HR = 30:5:200 bpm

• HR = 80 bpm, RR = 4:2:60 bpm

• 314 (85%) of algorithms accurate, two 

techniques removed

PPG ECG

No mod

BW

AM

FM



Example Assessment

VORTAL dataset:

• 39 subjects, aged 18 to 39

• Healthy

National Clinical Trial 01472133

Rest
10 min

Walk
2 min

Run
~ 5 min

Recover
10 min

https://clinicaltrials.gov/ct2/show/NCT01472133
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VORTAL dataset:

• 39 subjects, aged 18 to 39

• Healthy

National Clinical Trial 01472133

Walk
2 min

Run
~ 5 min

Recover
10 min

Rest
10 min

https://clinicaltrials.gov/ct2/show/NCT01472133


Example Assessment

Signals:



Example Assessment

Signal quality:
high

high

low

low

Further details:
DOI: 10.1109/JBHI.2014.2338351

http://doi.org/10.1109/JBHI.2014.2338351


Example Assessment

Statistics:  Limits of agreement: bias, 2SD (95% CIs)

Error [bpm]

-15 150-10 10-5 5

17
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19
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16
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20
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16
bpm

22
bpm

+4Errors: +2 +6
bias = mean error

= +4 bpm

2SD = 2 X SD of errors

= 2 X 2 = 4 bpm



Example Assessment

Statistics:  Limits of agreement: (i) bias, (ii) 2SD (95% CIs)

Error [bpm]

-15 150-10 10-5 5

Small bias  accurate

Large 2SD   imprecise

Large bias  inaccurate

Small 2SD   precise

Small bias  accurate

Small 2SD   precise



Example Assessment

Reference RRs:

• Oral-nasal pressure

• Positive-gradient crossings

• Threshold determined using annotated breaths

• Performance:

– Bias: 0.0 bpm

– 2SD: 1.3 bpm

i.e. 95% of errors in reference RRs would be

expected to be smaller than 0.0 ± 1.3 bpm



Example Assessment

RR: 5-32 bpm
HR: 41 – 111 bpm



Example Assessment



Example Assessment

Three 
techniques
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Example Assessment

Time

Freq



Example Assessment

Signal Rank
2SD 

[bpm]
RR 

Estimation
Modulation 

Fusion?
Temporal 
Fusion?

Clinical (IP) 5 5.4

ECG 1 4.7 Time ✓

2 5.2 Time ✓

3 5.2 Time ✓

4 5.3 Time ✓

6 5.6 Time

PPG 15 6.2 Time ✓

17 6.5 Time ✓

35 7.0 Time ✓ ✓

46 7.5 Time ✓

48 7.6 Time ✓

Same 
Algorithm



Example Assessment

ECG vs PPG:

• 2SD significantly lower when using ECG

• 64% of algorithms more precise on ECG

• Different physiological mechanisms



Example Assessment

Conclusions:

• 314 algorithms assessed under ideal conditions

• According to these results …
• time-domain RR estimation, and

• fusion of estimates

… resulted in superior performance.

• Four ECG-based algorithms comparable to clinical standard

• ECG preferable to PPG
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Case Study 3

discharge from 
hospital



Case Study 3

surgery critical 
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Implementation

Charlton P.H. et al.

Extraction of respiratory signals from the electrocardiogram and 

photoplethysmogram: technical and physiological determinants,

Physiological Measurement, 37(4), 2016.

DOI: 10.1088/1361-6579/aa670e . CC BY 3.0 Licence

http://doi.org/10.1088/1361-6579/aa670e
https://creativecommons.org/licenses/by/3.0/


Implementation

• RR can be estimated from ECG and PPG in young, healthy subjects using 
laboratory equipment.

• Respiratory modulations must be of sufficient quality

• Several factors may affect quality in clinical setting

Feature

Filter

Time [s]

PPG

0 20

Breaths



Implementation

inform device design

Technical Physiological

PPG measurement site: finger or ear Age

Signal acquisition equipment: laboratory or clinical Gender

Input signal: ECG or PPG Respiratory rate (RR)

Sampling frequency

determine clinical 

acceptability

Aim: Determine the influences of technical and physiological 

factors on respiratory modulations



Implementation

VORTAL dataset:

• 41 young subjects aged 18 to 39

• 16 elderly subjects aged > 70

• Healthy

National Clinical Trial 01472133

Walk
2 min

Run
~ 5 min

Recover
10 min

Rest
10 min

https://clinicaltrials.gov/ct2/show/NCT01472133


500 Hz

500 Hz

125 Hz

500 Hz

500 Hz

Signals



Signal Processing

• 32 s windows

• Exclude low quality windows using SQIs

• Extract respiratory modulations



Filter-based Feature-based

BW: Band-pass filter BW: mean amplitude of troughs and proceeding peaks

AM: Continuous Wavelet Transform AM: Difference between amplitudes of troughs and 
proceeding peaks

FM: Continuous Wavelet Transform FM: time interval between consecutive peaks

BW: mean signal value between consecutive troughs

BW, AM: peak amplitude

BW, AM: trough amplitude

FM: QRS duration

AM, FM: QRS area

BW: Principal component analysis

Signal Processing



• 32 s windows

• Exclude low quality windows using SQIs

• Extract respiratory modulations

• Modulation quality: correlation with oral-nasal pressure

Signal Processing



• 32 s windows

• Exclude low quality windows using SQIs

• Extract respiratory modulations

• Modulation quality: correlation with oral-nasal pressure

• Statistical tests for differences

Signal Processing



Results

Technical:

Finger vs Ear: Finger gave higher quality

Clinical vs Lab: Similar quality

ECG vs PPG:



Results



Results

Technical:

Finger vs Ear: Finger gave higher quality

Clinical vs Lab: Similar quality

ECG vs PPG: ECG

Sampling Freq:



Results

Technical:

Finger vs Ear: Finger gave higher quality

Clinical vs Lab: Similar quality

ECG vs PPG: ECG

Sampling Freq: ECG ≥ 250 Hz;   PPG ≥ 16 Hz



Results

Technical:

Finger vs Ear: Finger gave higher quality

Clinical vs Lab: Similar quality

ECG vs PPG: ECG

Sampling Freq: ECG ≥ 250 Hz;   PPG ≥ 16 Hz

Physiological:

Age: FM-based PPG of lower quality in elderly

Gender: Similar quality

Respiratory Rate: Lower quality at higher RRs



Recommendations

Technical:

Finger vs Ear: Measure PPG at finger rather than ear

Clinical vs Lab: Clinical equipment acceptable

ECG vs PPG: ECG preferable

Sampling Freq: ECG ≥ 250 Hz;   PPG ≥ 16 Hz

Physiological:

Age: Avoid FM-based respiratory signals in elderly

Gender: No differences

Respiratory Rate: Caution when detecting elevated RRs



Conclusion

• Assessed the impact of technical and physiological factors on respiratory 

modulations extracted from ECG and PPG

• Provided recommendations

• Ready for clinical assessment
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Conclusion

• Brief overview of estimating RR from ECG and PPG

• Case studies of clinical utility in unobtrusive hospital monitoring

• Assessed algorithm performance in ideal conditions

• Assessed impact of technical and physiological factors



Physiology
Signal 

Acquisition 
Equipment

RR AlgorithmPatient RR

Age

Disease

Arrhythmias

Signal Fidelity

Filtering

Noise

Input Signal

Techniques

Fusion

Future Work

Charlton P.H. and Bonnici T. et al. An assessment of algorithms to estimate respiratory rate 

from the electrocardiogram and photoplethysmogram, Physiological Measurement, 37(4), 

2016. DOI: 10.1088/0967-3334/37/4/610 . CC BY 3.0 Licence

https://doi.org/10.1088/0967-3334/37/4/610
https://doi.org/10.1088/0967-3334/37/4/610
http://doi.org/10.1088/0967-3334/37/4/610
https://creativecommons.org/licenses/by/3.0/
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Extraction of 
Respiratory 

Signals

RR 
Estimation

Fusion of 
RR 

Estimates

ECG or 
PPG

RR

Publicly 

available 

here

Charlton P.H. et al. Waveform analysis to estimate respiratory rate, in 

Secondary Analysis of Electronic Health Records, Springer, pp.377-390, 2016.

DOI: 10.1007/978-3-319-43742-2_26 . CC BY-NC 4.0 Licence

Matlab® Toolbox of algorithms:

Resources

http://peterhcharlton.github.io/RRest/
http://doi.org/10.1007/978-3-319-43742-2_26
https://creativecommons.org/licenses/by-nc/4.0/


Available 

here

Vortal benchmark dataset:

Walk
2 min

Run
~ 5 min

Rest
10 min

Recover
10 min

Resources

41  Young

16  Elderly

39  Young

http://peterhcharlton.github.io/RRest/
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