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Smartphones and smartwatches have contributed significantly to fitness monitoring by providing real-time statistics, thanks
to accurate tracking of physiological indices such as heart rate. However, the estimation of calories burned during exercise is
inaccurate and cannot be used for medical diagnosis. In this work, we present JoulesEye, a smartphone thermal camera-based
system that can accurately estimate calorie burn by monitoring respiration rate. We evaluated JoulesEye on 54 participants
who performed high intensity cycling and running. The mean absolute percentage error (MAPE) of JoulesEye was 5.8%, which
is significantly better than the MAPE of 37.6% observed with commercial smartwatch-based methods that only use heart rate.
Finally, we show that an ultra-low-resolution thermal camera that is small enough to fit inside a watch or other wearables is
sufficient for accurate calorie burn estimation. These results suggest that JoulesEye is a promising new method for accurate
and reliable calorie burn estimation.
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1 INTRODUCTION

Smartphones and watches come with physiological sensors to allow users to measure their health. For example,
heart rate sensors on a watch can be used for real-time, non-invasive monitoring of cardiovascular conditions.
Researchers have also used different smartphone sensors to screen for lung diseases [42], jaundice [19, 49],
traumatic brain injuries [50], and other conditions. However, smartphones and wrist wearables are not primarily
designed for health sensing [51]. This makes them susceptible to inaccurate health diagnoses. Many sensors and
functionalities on phones and watches that are marketed for their health benefits are often very inaccurate [69].
One such functionality is energy expenditure (EE). Several researchers have demonstrated that EE estimation by
wearables can be wrong by over 40% [9, 21, 25, 59]. The study presented in this paper also corroborates these
findings. Despite the development of new sensors every year, accurate energy expenditure measurement has
proven elusive. Accurate devices are often bulky and require masks, and portable sensors are inaccurate. Thus,
we set out to identify the sensor that promises to be practical and ubiquitous enough that it could be added to a
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Fig. 1. JoulesEyestimates Energy Expenditure (EE) from respiration rate. In a) the participant is riding a cycle with thermal
camera and phone fixed on the handrail. b) Shows a frame of the thermal video. c) Shows the respiration rate detection
pipeline during motion combined with deep learning architecture to predict energy expenditure.

consumer device and immediately unlock accurate energy expenditure.

We presentloulesEyét uses thermal imaging to measure respiration to accurately estimate energy expenditure
(EE) (Figure 1). EE is de ned as the calories burned in a minute (kcal/min) and is one of the more frequently
examined physiological output$. An accurate monitoring of EE is critical given the increasing prevalence of
obesity (More than 1 billion people worldwide are obe$&]). A reason for inaccuracy of EE measurement on
wearables is the sole reliance on heart rate data [51].

We rely on the fact that EE depends on a multitude of factors. One such factor that is also related to respiration
rate is the body composition. Body composition is de ned as the proportion of fat, bone, water, and muscle in
the human body. Two people with the same body weight could have very di erent body compositions if one
has a higher amount of muscle mass and a lower amount of body fat compared to the other. Metic&di[72

and physical assessment studiéf[56 have shown that respiration rate helps explains the change in body
composition which consequently explain the change in EE. Medical grade method in estimating EE includes
Double Water Test (DWT)3J, direct calorimetry and indirect calorimetry. But these methods involve bulky
installation, medical supervision and participant con nement for over 24 hous§|[ The gold standard indirect
calorimetry method of estimating EE requires monitoring of heart rate and the concentration of oxygenai@
carbon-dioxide (Cg) in breath.

We used a thermal camera attachment for phones to accurately estimate EE (Figure 1). Breathing causes change
in temperature in the nostrils which results in variations in pixel intensity. We used classical region tracking
approach like Channel and Spatial Reliability Filted to retrieve the pixel intensity in the nostrils. The intensity
information over time gives us the proxy of the breathing signal. We also used temperature and heart rate data
to improve the results. To extract temperature, we monitored multiple points on the forehead. The forehead
is an area of bony prominence where the probability of observing the change in temperature due to workout
is high [34]. While prior work has estimated respiration rate using thermal imagésq, experiments have

not been performed when the participants move exaggeratedly while exercising. Motion is also a challenge for
wireless signals-based respiration monitoring as removing motion artifacts has been a longstanding challenge. Our
algorithms work even when the user is cycling or running vigorously. The sensed respiration rate, temperature
and heart rate information from thermal data are fed into a deep learning model to estimate energy expenditure.

To evaluate our approach, we recruited 54 participants including 24 female participants who cycled and ran for
15 minutes. Our system has a Mean Absolute Percentage Error (MAPE) of 5.8% when compared with a gold
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Fig. 2. a) We evaluatedoulesEyasing low-resolution thermal camera (MLX90640). a) and b) demonstrates our vision that
integrating thermal camera to smartwatch can unlock health applications. c) shows the low resolution video, where the
square covers the nose and is the region of interest from where respiration signal will be extracted. The region of interest is
identified using the nostril landmarks from the RGB camera as shown in d). The idea is that, a user a er vigorous running
or exercising can record her respiration rate for a instantaneous energy expenditure estimate. This instantaneous value in
combination with heart rate will be a more accurate estimate of energy expenditure. In Section 6.6 and Section 6.5 we discuss
the current challenges of using a low resolution thermal camera based smartwatch.

standard indirect calorimeter. Given that high-resolution thermal cameras (1&0 visual resolution) are still
relatively expensive, we performed an experiment to evaluate if respiration signal could be extracted using a
lower resolution thermal video. We found that, our approach for estimating respiration rate works when the
resolution is reduced to 3224 pixels. We envision that low-cost, low-resolution thermal camera costing $20 USD
can be easily added to modern phone's camera cluster at the top of the screen or on a watch like shown in Figure 2
and immediately enable accurate measurement of EE.

Our work makes the following contributions:

We created a system that can sense respiration rate and temperature from thermal video during motion
and use this information to accurately estimate EE.

We evaluate our approach on 54 participants including 24 female participants who performed cycling and
running with indirect calorimetry as the ground truth. We demonstrate that respiration rate is a more
accurate predictor of energy expenditure than energy expenditure calculated just using heart rate data
obtained from an Apple Watch.

We perform sensitivity analysis to show that the respiration rate estimation does not lose its accuracy
when we reduce the resolution of the thermal video. Such an analysis is a step towards using ubiquitous
low-resolution thermal cameras to extract energy expenditure.

The data and code for reproducibility will be made available in the GitHub repository.
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