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Abstract—Measuring respiratory rates for different age 

groups during monitoring and patient treatment at the hospital 

is extremely important. Monitoring respiratory rate for a long 

time provides physicians and nurses valuable information about 

the patient's health condition. Incorrect respiratory rate 

information of adults or infants can result in incorrect 

diagnosing and treatment of the patient. The traditional 

respiratory rate measurement and monitoring is contact based. 

However, these are quite obtrusive since the patient needs to be 

connected to the monitoring apparatus with wires. These 

methods could cause damage to vulnerable skin like preterm 

infants and create stress or pain. 

This paper introduces a novel thermographic Bio-Remote 

sensing approach that enables real-time face detection and 

respiratory rate measurement of subjects using a single thermal 

camera system. The algorithm achieves this without requiring 

nostril location, instead utilising thermal images and minimum 

temperature profiles for accurate detections and measurement. 

Furthermore, this paper discusses the significance of combining 

Deep Learning (DL) with the Thermal Imaging technique to 

provide a safer, faster, and more practical solution for hospitals 

by accurately measuring the respiratory rate compared to a 

monitoring device as the golden standard. 

Keywords—Thermographic face detection, respiratory rate 

measurement, Bio-Remote Sensing, Infrared thermal imaging, 

thermography technology, Deep Learning. 

I. INTRODUCTION

The accurate monitoring of respiratory rate is essential for 

assessing patient health and diagnosing various conditions. 

Traditional methods involving physical probes with wires, 

respiration belts, or devices can be invasive and 

discomforting, particularly for vulnerable populations such as 

preterm infants [1]. These techniques may also introduce 

errors due to skin sensitivity or physical stress. 

A contactless digital image sensor-based Remote-

Photoplethysmography (RPPG) offers a non-invasive 

approach for respiratory rate measurement. However, its 

reliance on ambient light poses significant technical 

challenges in environments with varying lighting conditions, 

such as low or dark settings that may introduce noise and 

affect measurement accuracy. 

However, thermographic technology presents a promising 

solution, providing a safe and harmless method for respiratory 

rate measurement without dependency on environmental light 

conditions. This technique allows for contactless monitoring, 

enabling physicians and nurses to focus on patient treatment 

and providing care rather than managing devices and handling 

wires and connecting to the patient. 

The application of thermographic technology is particularly 

significant in clinical settings where remote monitoring is 

essential, such as with COVID-19 patients [2]. Integrating 

real-time thermographic detection with tracking systems 

offers a robust, non-invasive method for measuring vital signs 

and monitoring physiological changes across diverse age 

groups. 

This study introduces a novel, reliable, and accurate 

single-camera thermographic Bio-Remote Sensing approach 

that enables real-time effective face detection and respiratory 

rate measurement. By integrating DL techniques with 

Thermal Imaging, the method presents a fast, practical, and 

safe solution comparable to established devices like the 

Philips VM6 patient monitor, which serves as a golden 

standard for measuring vital signs including heart rate, 

respiratory rate, and blood pressure. 

II. MEASUREMENT SETUP

The measurement setup consists of a FLIR thermal 
camera; an Ubuntu 22.04; a Philips portable patient 
monitoring, recording, and alarming apparatus; and dedicated 
software running on the laptop for real-time pre- and post-
processing of the thermal images.  

A. Used Hardware and Software

In this study, an FLIR A700 infrared camera was

connected to a laptop using an RJ45 Cat.5 unshielded ethernet 

cable containing an adapter/power supply.  

The laptop specs are as follows: Ryzen 9 5900HX 8-core/16-

thread, NVIDIA GeForce RTX 3050 Ti 4GB DDR6 GPU, 

32 GB 3200 MHz DDR4, with Ubuntu 22.04 

Windows Subsystem for Linux (WSL). The thermal 

measurements can be done at 7 frames per second (fps) or 9 

fps with a resolution of 640x480 pixels.  

The Philips SureSigns VM6 portable patient monitoring 

apparatus has an accuracy of ±1 rpm in the range of 0 to 120 

rpm and ±2 rpm in the range of >120 rpm [3], was connected 

to the subject to validate the respiratory rate measured by the 

FLIR A700 thermal camera, see Fig. 1. 

Fig. 1. Philips SureSigns VM6 patient monitoring apparatus (left picture), 

FLIR A700 infrared camera (right picture). 
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B. Experimental Setup

The experimental setup involves detecting the face,

measuring the temperature, and extracting the respiratory rate 

in a controlled indoor environment, and can be modelled as 

demonstrated in Fig. 2. Our proprietary software running on 

the laptop will measure the temperature with an accuracy of 

±0.01 °C by compensating for the radiation sources and 

thermal noises that can affect the temperature measurements 

[4]. 

For accurate facial temperature measurement, the thermal 

camera must be positioned in front of the human subject at an 

appropriate distance. The lens of the infrared camera should 

be aligned with the subject’s face such that the Field of View 

(FoV) is maintained within a 55° angle, as illustrated in Fig. 

2. This setup ensures consistent directional emittance and

reflectance during temperature measurement [5], which are

essential for accurate readings. Additionally, this positioning

guarantees that the infrared camera’s FOV path remains

unobstructed, enabling precise thermal data capture. This

approach not only enhances the accuracy of temperature data

but also guarantees the constant directional emittance and

reflectance during the temperature measurement [5]. By

adhering to this positioning standard, the subject’s face can be

detected based on facial temperature analysis and

subsequently the respiratory rate can be measured.

In case, there is a deviation from the required measurement

conditions, it leads to a decrease in measured temperature

accuracy. This reduction in accuracy subsequently results in

inaccuracies during respiratory rate measurement. To address

these deviations, the system automatically provides visual

feedback on the display about the reduced confidence level of

the measurements. Additionally, an alarm is triggered and sent

to the caregiver, indicating potential inaccuracies.

III. FACE DETECTION AND RESPIRATORY RATE EXTRACTION

This section provides a comprehensive understanding of 

the filter chain, enabling real-time face detection and 

respiratory rate extraction using only a single thermal camera 

without requiring nostril localisation [2][6][7], as 

demonstrated in Fig. 3. 

A. DL Model and Thermal Face Detection

As depicted in Fig. 4, FLIR thermal raw data is fed through

a series of steps to generate an RGB image suitable for face 

detection using a single thermal camera. By normalisation of 

raw thermal data, this step adjusts intensity values within a 

standard range, enhancing consistency in subsequent 

processing.  

Next, the Magma colour map is applied to normalised thermal 

data, transforming it into a visible RGB image. The Magma 

colour map is chosen for its ability to balance warm and cool 

colours, effectively highlighting both subtle temperature 

differences and spatial information, which in turn helps in 

accurate facial feature detection. This RGB thermal image is 

then used as input into the Pix2Pix model [8][9], which 

performs image-to-image translation. The model generates an 

RGB image that closely mirrors the original thermal data, 

maintaining high fidelity. Finally, the output from Pix2Pix is 

used by MediaPipe Face Detection [10] model developed by 

Google Research in real-time to locate facial bounding boxes 

(BBs). These BBs are superimposed onto the thermal colour 

image, providing precise localisation of the subject's face.  

This overlay facilitates accurate measurements and analysis, 

enabling robust facial detection and respiratory rate extraction 

without reliance on specific anatomical landmarks like 

nostrils.  

B. Detecting Thermal Face with DL Training Model

Detecting faces in thermal images presents unique

challenges due to the nature of thermal imaging, which 

captures heat signatures rather than visible features. 

Thermal Data 
Normalisation 

MediaPipe 
Face Detector 

Pix2Pix Image-to-Image 
(I2I) Translation 

(Thermal to RGB) 

Adaptive Thermal  
Thresholding 

Region of 
Interest (ROI) 
Localisation 

Extract Minimum 
Temperature Profile  

Superimposed 
Thermal Colour Image 

Bounding Box 

Thermal Images 

Respiratory Rate 
Calculation 

Fig. 3. Thermographic filter chain in detecting the face and extracting the 
respiratory rate. 

Fig. 2. The laptop (upper-left picture) receive real-time thermal images for 

analysis, the FOV of the FLIR A700 infrared camera (middle picture) is 

toward the human face (right picture) detects the face and measure the facial 
temperature profile, and The Philips SureSigns VM6 patient monitoring 

apparatus (lower-left picture) conventionally measures respiratory rate via 

attached wires to the human subject as an golden-standard in order to compare 
it with the extracted thermal respirator rate. 

Fig. 4. Subject’s face in the FoV of the thermal camera for continuous 

temperature measurement for real-time thermal face detection.  
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Conventional face detection algorithms are typically designed 

for RGB images, limiting their utility in thermal scenarios 

without additional hardware. In this approach the Pix2Pix 

conditional generative adversarial network (cGAN) converts 

thermal images into RGB format, enabling efficient face 

detection with existing methods. 

The primary objective is to achieve face detection without 

reliance on additional RGB camera hardware, thereby 

optimising hardware requirements and operational efficiency. 

The Pix2Pix model is trained using resources from the Delft 

AI Cluster (DAIC) [11], a High-Performance Computing 

(HPC) cluster at TU-Delft. DAIC comprises Linux servers 

equipped with substantial processing power and memory, 

capable of managing large, computationally intensive tasks, 

including GPU-enabled jobs. This advanced infrastructure 

supports the training process, enabling the model to learn 

effective mappings from the thermal domain to the visual 

domain. 

The Annotated Thermal Faces in the Wild (TFW) dataset [12] 

serves as the primary training data for this study. TFW 

provides pairs of images captured using both a thermal camera 

and a regular camera, encompassing indoor and outdoor 

settings. However, our analysis is limited to 7200 indoor 

images.  

C. Adaptive Thermal Thresholding and Localisation of the 

Region of Interest (ROI) 

In this study, after detecting and tracking a face in real-

time using thermal imaging technology combined with DL, 

the next step will focus on localising specific facial features, 

particularly the nostrils.  

This process is performed in both time and spatial domains to 

enhance computational efficiency and reduce the complexity 

of data processing. The detection and localisation of facial 

features are achieved through an Adaptive Thermal 

Thresholding method, see lower figure, (Fig. 5).  

 

 
Fig. 5. Adaptive Thermal Thresholding per frame to isolate and exclude 

subject’s face centre (ROI) from the background and face contours, 

respectively. 
 

This approach utilises the histogram of BBs to dynamically 

adjust thresholds per frame, thereby minimising background 

noise and improving accuracy by eliminating the influence of 

the background and face contour effects (temperature 

gradients). 

By selecting a median temperature value within each BB, we 

effectively eliminate background temperatures and isolate the 

foreground regions corresponding to the facial area. The 

algorithm identifies the maximum peak in the temperature 

profile histogram of the BB, which represents the most 

common temperature within that region, and applies a 2σ 

range to the left of this peak to further isolate the face from 

surrounding areas with different thermal characteristics, see 

lower figure, Fig. 5. 
To achieve accurate temperature measurements in thermal 
face analysis, a circular mask is superimposed over the 
detected face within its BB. This mask defines the ROI, 
including colder regions around the nose as shown in the 
upper-left figure (Fig. 5). To ensure a complete and unbroken 
mask circle without any gaps, an adaptive morphological 
operation is used to close any holes within the mask, as 
depicted in the upper-right figure (Fig. 5). Finally, 
morphological erosion refines the mask’s edge to focus on the 
central facial area, enhancing both accuracy and reliability for 
subsequent thermal analysis per frame by minimising lower 
background temperature interference. 

D. Extracting Minimum Temperature Profile and 

respiratory Rate 

By analysing the temperature profile characteristics and 

its variations from the thermographic signal, we can measure 

the temperature changes associated with breathing. The key 

step involves identifying the global minima in the 

temperature variation, using a cubic-spline interpolation to 

denoise the data and ensure a reliable detection of these 

minima, see Fig. 6.  

 

 

To achieve this, a 5-second FIFO buffer for initialisation and 

to identify a clear respiratory cycle is used. The buffer is filled 

with the measured minimum temperature in ROI until at least 

one complete period of the respiratory rate is detected. In 

cases where the breath cycle or global minimum are not 

detected in the buffer, a second buffer is employed until a 

reliable detection is made. This process is repeated until two 

consecutive global minima are detected, allowing us to 

measure the time difference between these minima, which 

represents one complete breathing cycle. This time difference 

Fig. 6. Reparatory rate extraction by focusing on the center of the face (ROI) 

to detect minimum temperature profile. 
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is then converted into measured respiratory rate per minute 

and updated every second for real-time display. In case the 

subject holds his/her breath, the system updates the displayed 

breath rate by reducing the respiratory rate based on the last 

detected cycle or global minimum. 

This approach ensures accurate and reliable respiratory rate 

measurement in real-time while maintaining robustness 

against periods of irregular breathing or apnea. 

IV. CONCLUSIONS  

In this study, we present a novel, real-time, and accurate 

Bio-Remote Sensing method for measuring the respiratory 

rate using a single thermographic camera. To enhance the face 

detection process, we eliminated the need for an RGB-camera, 

thereby reducing complexity and dependency on 

environmental light conditions and noise. Additionally, this 

method offers a solution for thermal face detection that 

enhances operational efficiency while minimising 

dependencies through DL techniques.  

Our approach is distinguished by its safety, precision, real-

time functionality, and ability to operate without requiring 

nostril localisation. It utilises a hybrid model combining 

model-based techniques and AI-based DL with thermal 

imaging to detect facial features and measure respiratory rates, 

outperforming current techniques and moreover it is 

compared to traditional golden-standard methods. The system 

operates efficiently, providing updates every second, making 

it suitable for real-world applications in clinical environments. 

This research not only reduces hardware requirements and 

integrates seamlessly with conventional RGB-based detection 

algorithms but also addresses challenges such as varying 

lighting conditions and noise artifacts inherent in thermal 

imaging.  
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