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Abstract 
 

Current affordable consumer health and fitness tracking devices provide calorie burn data 
which is woefully inaccurate (27-93% error). Further, using current methods, data can only be 
supplied for standardized, well-defined tasks such as running, biking, and walking. We have 
developed an affordable device to provide accurate calorie burn data for virtually any activity. 
The device utilizes novel, flow-through type portable respiratory calorimetry (FPRC) and is 
worn over the nose and mouth in an aesthetic, lightweight mask. Although respiratory 
calorimetry is in use today, current chamber or catch-all type devices are expensive, complex, 
stationary systems. As such, their use is restricted to well-funded high-performance athletes and 
in-hospital medical diagnostics. Additionally, they can only be used to evaluate a narrow set of 
activities as they cannot be used in the field. The development of a low-cost, portable device that 
reports accurate respiration and calorie-burn data for any activity will therefore fill a market 
need. This market is highlighted (and in part created) by the recent proliferation in health and 
fitness trackers such as Fitbit and AppleWatch.  
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Introduction 
 

Like all energy conversion systems, humans take as inputs energy in one form, and 
produce, as outputs, energy in another form. The metabolic process in our case is one of 
converting chemical energy stored in proteins, fats, and carbohydrates into kinetic and thermal 
energy. This is fundamental to our biology and to the human experience. As such, calorimetry 
has long been of interest; used to understand human metabolism, treat diseases, and train 
athletes.  

Until about the last decade, there were only two options for human calorimetry: 
chamber-type direct calorimetry which is the most accurate “gold standard” analysis method, and 
stationary indirect (respiratory) calorimetry. Both of these technologies rely on large, expensive, 
stationary apparatus, and so cannot be used in the field. This limitation nevertheless makes these 
measurement methods ideal for accurately analysing basal metabolic rate, and for activities that 
can be performed in a room at a research facility. There are many activities, however, which 
these devices are incapable of properly evaluating, such as service work in restaurants, 
construction labor, hiking and backpacking, and lecturing.  

Recently, caloric trends associated with metrics like height, weight, age, and gender 
established by the massive amounts of data collected by these devices over many years, have 
been used to estimate calorie burn in the field via the use of health and fitness trackers. Health 
and fitness tracking devices put the capacity to estimate calorie burn in a cheaper, portable 
package accessible by the consumer and deployable in the field.  In 2019 alone, about 245 
million devices were sold globally.  Many such devices also provide other metrics such as heart 1

rate, steps taken, blood oxygen levels, flights of stairs climbed, and so forth. Whether worn for 
health monitoring purposes or fitness tracking purposes, calorie burn data is one of the most 
important metrics in many applications. From controlling weight gain or loss, to honing athletic 
performance, accurate calorie burn tracking is very valuable, and for more than just balancing 
energy inputs and outputs into one’s system.  

1 https://www.hfe.co.uk/blog/a-study-of-fitness-trackers-and-wearables/ 
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The problem, however, is that these devices are woefully inaccurate at providing this 
valuable calorie burn data. So inaccurate, in fact, as to provide reason to question whether there 
is any real utility to data of such caliber. Furthermore, because the background data to which 
these devices compare a wearer’s activity comes from chamber-type studies of large populations, 
the trackers can only make estimates for activities that could have been done in chamber 
facilities. As such, many activities in which a wearer actually engages go unevaluated, or worse 
yet, are mischaracterized as another activity altogether (viz. a professor pacing during a heated 
lecture being unevaluable or mischaracterized as simple walking).  

Device % Error In Calorie Burn Reporting 

Fitbit 27% error 

Microsoft Band 33% error

Apple Watch 40% error 

PulseOn 93% error

Fig 1. Health and fitness tracker error in calorie burn reporting.  2

Our proposed device serves to fill the void between expensive, highly accurate, 
application-restricted chamber-type calorimetry, and cheaper, field-ready, highly inaccurate and 
application-restricted health and fitness trackers. It is to this end that we have created a novel 
wearable, flow-through, portable respiratory colorimeter (FPRC) that is cheap, accurate and field 
ready. We have adapted the well-established methods of stationary respiratory calorimetry to 
create a self-contained mask device that is functionally equivalent; our mask measures the 
volume of O2 consumed and CO2 produced to calculate energy expenditure. 

The vision for this device is that it will be used to generate highly accurate, user-specific 
data which is substantially more accurate than current health and fitness trackers can deliver. The 
mask will not need to be worn every time an estimate is required, however. The mask would be 
worn during a sampling of different activities that the user is concerned with, to determine a 
precise average energy expenditure per unit time during each activity. For example, the proposed 
mask might be worn for a handful of lectures, or shifts in any profession, or runs, or hikes. In this 
way data is recorded and the mask need not be worn again except for recalibration.  

2 Shcherbina, A.; Mattsson, C.M.; Waggott, D.; Salisbury, H.; Christle, J.W.; Hastie, T.; Wheeler, M.T.; Ashley, E.A. 
Accuracy in Wrist-Worn, Sensor-Based Measurements of Heart Rate and Energy Expenditure in a Diverse Cohort. J.
Pers. Med.  2017, 7 , 3. 
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While health and fitness trackers are terrible at estimating calorie burn, they are excellent 
at measuring many other metrics; as such, they often have high levels of success in using 
advanced algorithms to determine what activity a wearer is engaged in at any time. It is feasible 
that our device could even be coupled with current health and fitness trackers for a highly 
accurate and user-friendly experience. Our mask could be used to generate user-specific data to 
replace the standardized tables collected from laboratory trials, which are currently used by 
fitness trackers. It could also be used as a stand-alone device without any interface with other 
products.  

Although our device cannot be quite as accurate as direct calorimetry or chamber-type 
indirect calorimetry, it offers a far more accurate means than is currently available, for easily 
determining energy expenditure in the field at an affordable price. 

 

Inspiration and Motivation  
This project began while the author was working with Ellen Medical Devices and the 

George Institute for Global Health in Australia during the Summer of 2019. I was inspired by the 
R&D work I was doing on novel peritoneal dialysis methods to critically evaluate the efficacy of 
other health devices. I was seeing health and fitness trackers on many people, and heard much 
discussion of that data they produced. There was little acknowledgement of its inaccuracy, 
however. I was struck by the fact that a person carefully trying to be calorie neutral to maintain 
weight, or calorie positive or negative to gain or lose weight, would likely be critically 
misguided in their food and exercise choices. 

I began thinking of other ways to measure energy expenditure, and was reminded of basic 
stoichiometry in chemistry. For any well-defined chemical reaction, quantities of known 
components can be used to find quantities of unknown components. 

I proceeded to conduct a literature review, and concluded that respiratory calorimetry was 
a well-understood and established method of determining energy expenditure in humans, but 
found that all devices designed for this purpose were large, expensive and not portable. This 
gave me confidence that, at least in principle, it ought to be feasible to design a cheap, portable 
respiratory calorimeter to solve the problem of people making important decisions using faulty 
data.  
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Fig 2. Tissot Spirometers, 1970’s. (used for indirect calorimetry) Probably made by Godart. 
Image from Mr. Kevin Hogben International Sales and Product Specialist Manager for Medisoft

Tissot Spirometers like the one seen here are still used today for indirect calorimetry. Douglas
bags are another very common device for stationary indirect calorimetry. 
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Theory 

Principles of Respiratory Calorimetry 
 

Human functioning is dependent upon continuous production and consumption of 
adenosine tri-phosphate (ATP), an energy-rich organic compound. To facilitate this constant 
stream of energy, a series of inputs are required; food (sugars, carbohydrates, proteins, and fats), 
and Oxygen. The process of oxidative phosphorylation is used to produce ATP from these 
inputs, and also results in the by-products carbon dioxide and water. Conservation of energy 
demands that there is equivalence between energy consumed and energy produced. As a result, 
energy expenditure can be indirectly measured with theoretically perfect accuracy by measuring 
oxygen consumption and carbon dioxide production.  This analysis strategy is known as 3

respiratory or indirect calorimetry. 
 

 
 

 
Fig 2. While direct calorimetry measures heat production directly, indirect calorimetry measures 
oxygen consumption and carbon dioxide production to infer heat output (energy).  
 

3 Haifa Mtaweh et al, 2018, Indirect Calorimetry: History, Technology, and Application, Frontiers in 
Pediatrics.  
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Indirect calorimetry 

' Food + Oxygen Heat + Carbon dioxide + Water 

! 
Direct Calorimetry 



 
In order to use respiratory calorimetry to calculate calorie burn or estimate energy 

expenditure, several assumptions are made:  4

 
1. All fuels (foods) consumed have intrinsic energy that result in heat or energy production 

upon metabolic modification in a living organism. 
 

2. The combustion or synthesis of carbohydrates, fats, or protein is the end result of all the 
biochemical reactions in the body.  
 

3. The oxidation of glucose, fat, and protein, result in a substance specific fixed ratio 
between the quantities of O2 consumed and CO2 produced.  
 

4. Assumptions about a subject’s diet must be made unless the diet is carefully recorded or 
controlled.  
 

5. Loss of substrates in feces and urine is negligible and can be ignored.  
 

The second assumption discounts the metabolism of minerals which account for about 
7% of total body weight, but have a negligible impact for the purposes of measuring energy 
expenditure. The third assumption implies that fats and proteins have uniform properties. 
Regarding the fifth assumption, the urinary nitrogen component (uN2) should also be measured 
in principle, as it is also a by-product of the metabolic process, particularly of protein. In 
practice, however, it is typically ignored, as it is difficult to measure and only accounts for an 
error of 1-2% when not included in calculations.  5

 

Calculating Energy Expenditure 
 
Because protein, fat and carbohydrates have different energy densities, and require 

different chemical processes to convert their energy to ATP and thereby to mechanical and 
thermal energy, the ratio of O2 consumption to CO2 production for each is distinct. As a result, 
if only either O2 or CO2 were measured, there would be greater error in energy expenditure 
calculations.  
 

 

4 Haifa Mtaweh et al, 2018, Indirect Calorimetry: History, Technology, and Application, Frontiers in 
Pediatrics. 
5 Ferrannini E. The theoretical bases of indirect calorimetry: A review. Metabolism. 1988;37:287-301. 
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Macronutrient Oxidation Coefficients 

 
Fig 3. From the information in this table is produced the modified Weir equation which allows 
for energy expenditure calculations that account for different fuels use.  6

 
When both the volume of O2 consumed (VO2) and volume of CO2 produced (VCO2) are 

measured, the respiratory quotient (RQ) can be calculated, which is the ratio of VCO2 to VO2. 
The RQ reflects the relative consumption of fat, carbohydrate, and protein in the metabolized 
fuel mixture.  This means that dietary measurement and controls are not necessary.  7

The modified Weir equation uses this information, and assumptions above, to provide the 
following equation, where EE is energy expenditure (calorie burn):  
 

EE (kCal/day) = (3.94 x VO2) + (1.1 xVCO2) x 1440 
 

For the purposes of our device, we can further modify the Weir equation by dividing by 
24. This gives energy expenditure per hour for a given activity.  
 

EE (kCal/hr) = (3.94 x VO2) + (1.1 xVCO2) x 60 
 

 
 
 

Methods and Materials 
 

The first phase of the design and development process was the research phase. We 
surveyed the literature to determine what has, and has not been done before, regarding 
respiratory calorimetry, and FPRC in particular. The first key milestone was making the 

6 P.R. Murgatroyd, W.A. Coward, 2003, Encyclopedia of Food Sciences and Nutrition (Second Edition), 
Chapter: Measurement of Energy Expenditure, Academic Press, 2098-2103. 
7 P.R. Murgatroyd, W.A. Coward, 2003, Encyclopedia of Food Sciences and Nutrition (Second Edition), 
Chapter: Measurement of Energy Expenditure, Academic Press, 2098-2103 
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Energy equivalent of oxygen (kJ 1-1) 

Respiratory quotient 

Energy density (kJ g-1) 

Carbohydrate 

21.12 

1.0 

15.76 

Protein 

19.48 

0.835 

18.56 

Fat 

19.61 

0.71 

39.33 



determination that no obvious reasons existed that would cause the design of a portable 
respiratory calorimeter to fail. 

We then began to design a first prototype given information from the literature review 
and a clear definition of the problem we were trying to solve. 

Problem Statement: Stationary calorimetry methods are highly accurate but expensive and 
limited in the activity types they can evaluate. Health and fitness trackers are cheap and portable, 
but highly inaccurate because their estimates of energy expenditure are based on aggregate data 
from stationary calorimetry methods. This means they are also limited in the activity types they 
can evaluate. Develop FPRC to create a cheap, portable, accurate calorimeter that can be used on 
a wide range of activity types.  

Design Objectives
1) Utilize flow-through measurement methods, rather than catch-all, chamber, or dilution methods 

as are used in stationary devices 
2) Ensure that the total cost remains low. Target eventual retain price to be roughly $250. 
3) The device must be lightweight 
4) The device must be aesthetic and attractive 
5) The device must be reliable and easy to use 
6) The device must be easily transportable, not reliant on external monitors, gasses, power sources, 

etc. 
7) The device must be capable of collecting data on activity types current systems cannot. Examples 

include construction labor, truck driving, and backpacking.  
8) The physical design must offer minimal impedance to ariflow of inspired and expired breath. 

Impedance will cause the subject to expend additional energy to breath through the device, 
thereby decreasing accuracy of the data collected.  

9) The overall error of the energy expenditure data collected by the device must be significantly 
better than current health and fitness trackers. Target: 10-15% error or better.  

Development Process 
With a first prototype developed in principle, the search for necessary components began. 

We wanted to use off-the-shelf components for gas concentration measurement and volumetric 
flow measurement, where possible. For the purpose of Volumetric flow measurement of inspired 
air, we chose the Sensirion 3200 volumetric flow sensor. This sensor was chosen because of its 
outstanding accuracy, and extremely low impedance to flow. It uses a modified hot wire 
anemometer method with flow laminarization.  
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Fig 4. 3200 sensor from Senirion.  

 
 

For CO2 concentration measurement, we chose the Sensirion SCD 30. This CO2 sensor 
was selected because of its relatively low measurement latency, and because it is both 
temperature and humidity controlled. It uses non-dispersive infrared light to measure CO2 
concentration.  

Fig 5. SCD30 Sensor from Sensirion 
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To meet O2 measurement needs, an electrochemical cell produced by seeedstudio (yes 
that is three e’s) was selected. The conductivity of the electrochemical pot varies as O2 reacts.  

Fig 6. Electrochemical O2 sensor from seeedstudio 
  
 

An Arduino nano was selected to perform the control and data recording necessary to 
convert the data from the sensors into an output from the modified Weir equation. It was selected 
because of its low power consumption and small size.  

   Fig 7. Arduino Nano 
 

A mask chassis also had to be developed to appropriately mount the three sensors, 
Arduino non, and power supply. For the initial prototype, a 3M respirator mask was used (with 
filters discarded). The 3M mask was selected because it is field-proven to provide an adequate 
airtight seal around the nose and mouth, thereby largely reducing leakage as a potential source of 
error during validation testing. Importantly, this allowed us to focus, at least initially, on the 
accuracy of the overall methodology and sensor quality. Another important facet of the 3M 
respirator was its built-in filter mounting system which allowed for quick and easy mounting, 
modification and remounting of components during prototyping and testing, all while 
maintaining an airtight seal. 
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Fig 8. 3M Respirator Chassis 
 

All other components of the initial prototype were custom fabricated. This included an 
adapter, 3D printed in nylon to mount the volumetric flow sensor, and a cylinder to hold an 
expired air volume and house the concentration sensors.  

Fig 9. 3D printed mount for volumetric flow sensor 
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  Fig 10. Measurement volume for gas concentration sensors 
 

After the initial round of components was selected, a first prototype was constructed. 
This process involved both the fabrication of the physical device, and development of Arduino-C 
code. The Arduino was used to perform the following tasks: 

1) Integrate volumetric flow data to determine total respired volume. 
2) Calculate difference between ambient O2 & CO2 concentrations, and concentrations in 

exhaled air. 
3) Multiply delta O2 and delta CO2 by respired volume. 
4) Plug gas volumes into the modified Weir equation: EE (kCal/hr) = (3.94 x VO2) + (1.1 x 

VCO2) x 60. 
5) Set calibrations and trial timers, print results of the modified Weir equation and other 

data to display. 

The prototype of the physical device consisted of a mask chassis which served to create 
an airtight seal over the nose and mouth, and appropriately house and position all 
necessary sensors. The mask chassis also allowed the Arduino control module and power 
supply to be mounted, creating a cohesive single device. Below is a sketch of the basic 
prototype. 
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Fig 11. Sketch of prototype design. 

An iterative design and development process was then used to generate the final
prototype. The control and data processing was roughed out, and both physical device and the 
code were then co-developed. Various mounting methods and positions were tested. Various
methods of fastening the device to the wearer were explored. Different data processing methods 
were deployed as the application limitations became evident. Latency of the gas concentration
sensors in this particular application was investigated. It was necessary to determine if the sensor 
latency would be able to keep up with respiratory rate, minimizing error.

Method of investigating latency: 

1) Create a transient trapped-expired-air volume. 
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2) Position each sensor and take data during prolonged respiration (30min). 

3) Compare these latencies to measurements obtained by introducing the 
sensors from ambient air into a trapped volume of a single breath. 

 

Fig 12. O2 and CO2 sensor measurement latency test apparatus. 

 After working through the iterative design process, the final prototype for this 
preliminary phase of development was fabricated: 
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Fig 13. Completed final prototype for this phase of development. 
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Results 

Sensor Outputs 

Typical output from the Volumetric flow sensor is shown below. This data was pulled out
of the dataset before calculations were conducted. Breath length and amplitude vary and are 
punctuated by pauses. Each “breath” is a measurement of inhaled volume only:

Fig 14. Volumetric flow sensor output.

Typical single breath latency of CO2 sensor is shown below. Again, this data had been isolated 
from the dataset before calculations were made. We see it takes about 14 seconds for the sensor 

19



signal to level off at the actual concentration value of about 4% CO2, from an ambient 
concentration of 0.25% CO2: 

Fig 15. Typical single breath CO2 sensor latency.

Shown below is a typical CO2 sensor output during prolonged respiration. The 
concentration floats up and down over time Values above 4% are clipped, as the sensors 
maximum range is 4%: 
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Fig 16. CO2 concentration sensor output during prolonged respiration.

Typical O2 sensor data for a single breath is shown below. Each of the two graphs show 
one breath. It takes the sensor about 50 seconds to stabilize at a final concentration of about 17% 
O2, from a starting ambient concentration of 21%: 
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Fig 17. Typical O2 sensor latency during a single breath and starting at ambient conditions (two 
single breath trials are shown). 

Below is shown the effects of prolonged respiration of the O2 sensor. For the first 250 
seconds, the data is similar to that in the previous single breath case, leveling off at about 15%
O2. After 250 seconds, the concentration reading drops precipitously towards zero. 
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Fig 18. Effects of prolonged respiration on the O2 concentration sensor. 

 Here we show a sample hand-calculation of what the Arduino Nano is doing under the 
hood. The data used in this example calculation were collected by the device from a subject who 
was at rest, fed and warm. The subject, when engaged in this activity (sitting at rest) burns about 
65 Kcal/hr: 
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Sample Calculation Using Weir Equation 

 

        Fig 19. Sample hand calculation using data collected by the device. 

Below is a sketch of theoretical data from all three sensors under optimal conditions. 
Concentrations of O2 and CO2 in expired are inversely correlated, both have short-period and 
long-period fluctuations. Volumetric flow data measuring inspired air volume shows breaths of 
varied length and amplitude punctuated by pauses: 
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Fig 20. Theoretical sketch of data from all three sensors under optimal working conditions. 
  
 All known sources of inherent error are presented below. The sum of errors is about 7%. 
Recall our initial target of beating 10-15% error. 

 Error source % error 

Modified Weir Equation 2% 

O2 Sensor 2% 

CO2 Sensor 3% 

Volumetric Flow Sensor .05% 

Sum of errors 7.05% 

Fig 20. Quantified errors inherent to each component of the device. 
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Discussion 

 The data (and the fact that it was successfully collected) indicate that the device is 
functional. From the crisp and well punctuated volumetric flow data we may infer that leaks are 
minimal, though this will require further validation moving forward. All components were 
successfully assembled in such a way as to meet all of the design goals mentioned earlier. In 
particular, the mask chassis was able to securely position all components in a functional manner, 
impedance to airflow was kept very low, and the overall device is light, low-profile and easy to 
affix to the user’s face in a secure manner. The prototype and data collected from it indicate that 
design parameters not yet met will be feasibly met with further development. For instance, 
although the user interface is not yet well polished, the user experience thus far indicates that 
usability will be easily increased to a satisfactory level. 

While the device currently provides sufficiently reliable data to perform rough 
hand-calculated estimates, results given by the automated process are incoherent and hence not 
presented above. This is due to the condensation problems on the O2 sensor. The latency of both 
gas concentration sensors was a known problem from the outset, because human respiratory rate 
can be far greater than the measurement interval of the sensors. In principle this prevents the 
measurement of concentration in each discrete breath. Because this sensor limitation was 
anticipated, we were able to largely mitigate its impacts though the physical design of the device, 
and through data processing. Potential condensation problems were overlooked, however, 
because the datasheets of both concentration sensors claimed functionality above 95% relative 
humidity. In retrospect, it makes sense that the O2 sensor is more vulnerable to condensation 
because it relies on variation in conductivity of a chemical pot as O2 concentration changes. It is 
understandable that this sensitive chemistry is easily thrown off by condensation. 

Condensation is something we can control for in the future, however. We propose three 
different methods: 1) A better O2 sensor could be identified which is more thoroughly hardened 
to condensation problems. 2) We could incorporate a heating element to increase the dew point 
in the measurement volume and prevent condensation, even at high relative humidity. 3) One of 
several different conditioning methods could be deployed in the device to remove moisture 
before expired air is introduced to the O2 sensor. Until further research and development are 
conducted, a heating element seems to be the best approach. This is due to the fact that O2 
sensors sufficiently resistant to condensation error are likely prohibitively expensive, and a 
moisture removing conditioning system may be prohibitively large, heavy, or power consuming 
or be feasible.  
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Another issue identified from the results above is “clipping” of CO2 concentration data 
from the CO2 sensor. The Sensirion SCD30 was selected because 3.8% CO2 appeared to be the 
typical maximum concentration in expired air in humans , and the upper effective range of the 8

device is 4%. Unfortunatly, in our trials CO2 concentrations in expired air appeared to climb 
above 4%. This problem is far less concerning than the CO2 sensors condensation limitations. 
There are two reasons we are less concerned: 1) We are confident that CO2 sensors with a higher 
effective range can be identified which do not incorporate prohibitive cost or energy use. 2) 
Further testing may indicate that the error imposed by this clipping is acceptable.  

  
 

 

Conclusion and Future Work 
The research, development, design and testing conducted here was highly 

generative. The results obtained validate that FPRC is a viable solution to the problem at hand. 
Namely, that health and fitness trackers are inaccurate and application-limited with respect to 
energy expenditure estimation, and standard indirect calorimetry methods suffer from portability 
and application limitations. Future work will include the following: 1) resolve condensation 
induced error in O2 measurement, possibly by one of the methods listed above. 2) Investigate the 
effects of exceeding the range of CO2 measurement, and resolve this issue if the overage 
contributes significant error to our final energy expenditure calculations, possibly by one of the 
methods listed above. 3) Compare the estimates of our device with gold-standard direct 
calorimetry to validate and quantify accuracy. 4) refine data processing and physical design to 
enhance useability.  

 
 
 
 

8 Mark S Siobal, Respiratory Care October 2016, 61 (10) 1397-1416; DOI: 
https://doi.org/10.4187/respcare.04919 
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Appendices  
 

Appendix A: Arduino Code 
 
 
#include "Oxygen.h" 
 
//CO2 
#include <SparkFun_SCD30_Arduino_Library.h> 
#include <Wire.h> 
SCD30 airSensor; 
 
//volumetric flow 
unsigned long time; 
 
void setup() { 
  // put your setup code here, to run once: 
  Serial.begin(9600); 
  Serial.println("Calibration sensor...This needs one minute"); 
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  O2_value(); 
  Serial.println("Finish Calibration"); 
 
  //CO2 
  Wire.begin(); 
  Serial.println("SCD30 Example"); 
 
  airSensor.begin(); //This will cause readings to occur every two seconds 
 
  //voumetric flow 
  //Wire.begin(); 
  //Serial.begin(9600); 
  int a = 0; 
  int b = 0; 
  int c = 0;  
  
  delay(1000); 
 
  Wire.beginTransmission(byte(0x40)); // transmit to device #064 (0x40) 
  Wire.write(byte(0x10));      //  
  Wire.write(byte(0x00));      //  
  Wire.endTransmission();  
 
  delay(5); 
 
  Wire.requestFrom(0x40, 3); //  
  a = Wire.read(); // first received byte stored here 
  b = Wire.read(); // second received byte stored here 
  c = Wire.read(); // third received byte stored here 
  Wire.endTransmission(); 
  Serial.print(a); 
  Serial.print(b); 
  Serial.println(c); 
 
  delay(5); 
  
  Wire.requestFrom(0x40, 3); //  
  a = Wire.read(); // first received byte stored here 
  b = Wire.read(); // second received byte stored here 
  c = Wire.read(); // third received byte stored here 
  Wire.endTransmission(); 
  Serial.print(a); 
  Serial.print(b); 
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  Serial.println(c); 
 
  delay(5); 
} 
 
uint8_t crc8(const uint8_t data, uint8_t crc) { 
  crc ^= data; 
 
  for ( uint8_t i = 8; i; --i ) { 
    crc = ( crc & 0x80 ) 
      ? (crc << 1) ^ 0x31 
      : (crc << 1); 
  } 
  return crc; 
} 
 
 
 
 
void loop() { 
  // put your main code here, to run repeatedly: 
  float O2 = 0; 
  O2 = O2_value(); 
  Serial.print("The percentage of oxygen is:"); 
  Serial.print(O2); 
  Serial.println("%"); 
  delay(5); 
 
  //CO2 
  if (airSensor.dataAvailable()) 
  { 
    Serial.print("co2(ppm):"); 
    Serial.print(airSensor.getCO2()); 
 
    Serial.print(" temp(C):"); 
    Serial.print(airSensor.getTemperature(), 1); 
 
    Serial.print(" humidity(%):"); 
    Serial.print(airSensor.getHumidity(), 1); 
 
    Serial.println(); 
  } 
  else 
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    Serial.println("No data"); 
 
  delay(5); 
 
  //volumetric flow 
  
  int offset = 32000; // Offset for the sensor 
  float scale = 140.0; // Scale factor for Air and N2 is 140.0, O2 is 142.8 
 
  
  Wire.requestFrom(0x40, 3); // read 3 bytes from device with address 0x40 
  uint16_t a = Wire.read(); // first received byte stored here. The variable "uint16_t" can hold 2 
bytes, this will be relevant later 
  uint8_t b = Wire.read(); // second received byte stored here 
  uint8_t crc = Wire.read(); // crc value stored here 
  uint8_t mycrc = 0xFF; // initialize crc variable 
  mycrc = crc8(a, mycrc); // let first byte through CRC calculation 
  mycrc = crc8(b, mycrc); // and the second byte too 
  if (mycrc != crc) { // check if the calculated and the received CRC byte matches 
    //Serial.println("Error: wrong CRC"); 
  } 
  a = (a << 8) | b; // combine the two received bytes to a 16bit integer value 
  // a >>= 2; // remove the two least significant bits 
  float Flow = (((float)a - offset) / scale)-5.49;  
  //Serial.println(a); // print the raw data from the sensor to the serial interface 
  Serial.println(Flow); // print the calculated flow to the serial interface 
 
  delay(5); 
} 
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