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Abstract—In this paper, we want to determine whether the 

accurate prediction of nicotine concentration can be obtained by 
using a network of smart objects and an e-cigarette. The approach 
consists of, first, the recognition of factors influencing smoking 
cessation such as physical activity recognition and participant’s 
behaviors (using both smartphone and smartwatch), then the 
prediction of the configuration of the e-cigarette (in terms of nicotine 
concentration, power, and resistance of e-cigarette). The study uses a 
network of commonly connected objects; a smartwatch, a 
smartphone, and an e-cigarette transported by the participants during 
an uncontrolled experiment. The data obtained from sensors carried 
in the three devices were trained by a Long short-term memory 
algorithm (LSTM). Results show that our LSTM-based model allows 
predicting the configuration of the e-cigarette in terms of nicotine 
concentration, power, and resistance with a root mean square error 
percentage of 12.9%, 9.15%, and 11.84%, respectively. This study 
can help to better control consumption of nicotine and offer an 
intelligent configuration of the e-cigarette to users. 

 
Keywords—Iot, activity recognition, automatic classification, 

unconstrained environment, deep neural networks. 

I. INTRODUCTION 

CCORDING to the World Health Organization’s report 
(W.H.O), the number of smokers reached about 1.1 

billion people in the world (more than 1/7 of the world's 
population) in 2014, and this number is expected to double or 
even triple in the next 30 years. Therefore, it is necessary to 
encourage smokers to quit smoking and help those who 
decided to quit smoking [1].  

Several devices and medical treatments were already 
developed and used to help smokers quit smoking, such as 
nicotine patches, treatments with nicotine replacement therapy 
[1]-[3], psychic treatments, intensive medical follow up that 
combines pharmaceutical treatments and psychological 
treatment sessions [2]. However, most of these techniques 
have proven their limit in terms of complexity and follow-up.  

With the arrival of IOT and smart objects to the market, for 
instance the e-cigarette, users are able to take control (able to 
control their consumption) over their consumption of nicotine 
by setting precise doses with precise concentrations. 

Several studies have proved the effectiveness of electronic 
cigarettes as a smoking cessation solution in [3]-[6]. The 
heights established a study on the usefulness of the e-cigarette 
for smoking cessation, with 216 participants for six months 
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[7]. The disadvantage of this kind of study is that it is realized 
in controlled environments and they did not consider other 
factors that influence nicotine use such as physical activity 
[4]-[9]. 

In order to help smokers to quit smoking, their nicotine 
intake must be modeled by taking into account the various 
parameters that can influence their consumption: physical 
activity and behavior, nicotine concentration, strength and 
power the e-cigarette as well as the profile of smokers (gender, 
age, nicotine addiction, etc.) [10]-[19], [20]. We propose in 
this paper to model the consumption of nicotine taking into 
account the different factors that can influence it by using not 
only a smartphone but also a smartwatch. Indeed, the 
smartwatch is carried permanently by users unlike the 
smartphone that can be abundant. 

II. CONTRIBUTIONS 

This paper proposes to go beyond current processing 
methodologies in order to provide a better modelization of 
consumption of nicotine with usual IoT devices. Based on 
sensors embedded in an iPhone, Apple watch and e-cigarette, 
we will address a series of issues to design an efficient 
processing pipe modeling the consumption of nicotine using 
machine-learning algorithm [21], [22]. 

First, the experiment was conducted in an uncontrolled 
environment where 33 participants were invited to use freely 
the eGo e-cigarette by wearing an Apple Watch and an iPhone 
during three months. Indeed, considering only a smartphone to 
collect data turns out to be insufficient because participants do 
not keep the phone always close to them [21], [22]. For this 
reason, we have added a smart Watch that can be worn 
continually and add more precision to the results.  

Second, a data collection platform was developed to extract 
data from all sensors of the three devices: Apple Watch, 

Apple iPhone and e-cigarette. 
Finally, a new methodology was proposed to predict the 

nicotine concentration needed by the participants based on the 
prediction of the e-cigarette configuration (the power, the 
resistance and nicotine concentration) as well as the 
recognition of the physical activities and behaviors of 
participants by using the iPhone and Apple watch devices (see 
Fig. 1). 

Finally, we proposed an architecture-model for predicting 
the concentration of nicotine, the resistance and the power of 
the e-cigarette (see Fig. 3). 
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Fig. 1 Prediction system of the configuration of the e-cigarette composed of the part "activity recognition", "presence recognition system" and 
the system of detection of the configuration of the e-cigarette. The step of recognizing physical activity was made using the smartphone and the 

smart watch [21], [22] 
 

 

Fig. 2 Data collection system. The system contains an Exract Load Tranform (ETL) that loads the data and integrates it into a data warehouse 
for later retrieval. The data warehouse contains several datamarts: a datamart for each sensor data 

 
Fig. 1 shows the different components of the prediction 

system of the e-cigarette configuration. The system consists of 
several parts: a part of data collection of the devices (iPhone, 
Apple watch and the e-cigarette), recognition of activities and 
behaviors, presence recognition system to recognize whether 
the smoker is alone or in a group, that is developed according 
to our previous papers [21], [22] and finally the part that 
interests us here: the prediction of the configuration of the e-
cigarette, which concerns the concentration of nicotine, 
resistance and power of the e-cigarette. The rest of this paper 
is structured as follows: 

A description of the experiment has been given in Section 
III. 

In Section IV, we will present in detail the process of 
detection of e-cigarette configuration. Section V presents the 
results obtained. Section VI summarizes the contributions of 
the paper. We end with the conclusion and some references. 

III. EXPERIMENTAL SETUP 

The experiment consists in giving an eGo e-cigarette to 33 
smokers for use for three months. We also used an iPhone and 
a smart watch to retrieve the consumption data of the e-
cigarette and thus be able to exploit to the maximum the data 

of the movements of the hands and to compensate the problem 
of loss of the Smartphone [21], [22]. 

For data collection, we developed a platform which allows 
to collect the data of the various sensors "accelerometer, 
gyroscope, compass", GPS data (latitude and longitude), 
audio, and save the data of the profile of the user. A data 
warehouse was created to collect, retrieve, and save data 
automatically in datamarts (see Fig. 2) 

Participants perform their daily activities and used freely 
the e-cigarette. The platform retrieves the data from the 
various sensors of the iPhone and the smartwatch as well as 
the configuration of the e-cigarette (nicotine concentration, 
resistance and power of the e-cigarette). In the next section, 
we develop the predictive model of the nicotine configuration 
(see Fig. 3). 

IV. PREDICTION OF E-CIGARETTE CONFIGURATION 

Many problems require making predictions based on 
previous observations that consider the temporal dimension; 
time series. Neural networks and the usual prediction 
techniques do not allow this kind of forecast. For this purpose, 
several other prediction methods are often used to analyze 

World Academy of Science, Engineering and Technology
International Journal of Computer and Information Engineering

 Vol:12, No:3, 2018 

189International Scholarly and Scientific Research & Innovation 12(3) 2018 ISNI:0000000091950263

O
pe

n 
Sc

ie
nc

e 
In

de
x,

 C
om

pu
te

r 
an

d 
In

fo
rm

at
io

n 
E

ng
in

ee
ri

ng
 V

ol
:1

2,
 N

o:
3,

 2
01

8 
pu

bl
ic

at
io

ns
.w

as
et

.o
rg

/1
00

08
72

4.
pd

f



time series such as autoregressive processes and recurrent 
neural networks [10]-[15]. 

In our study, the objective consists of predicting the 
configuration of the most suitable e-cigarette for the smoker 
based on the following observations: "history of the vapes", 
details about the context (geolocation, presence of other 
people, physical activity) as well as the temporal component 
(time, duration). For this purpose, we chose to use a LSTM 
(long short term memory) model. LSTM are networks with 
loops allowing the use of previous data in the prediction of 
future data. They were designed to solve long-term 
dependency problems due to their ability to memorize data for 
long periods. 

To obtain the right representative architecture of the 
predictive model of the configuration of the e-cigarette, we 
have varied various parameters of the recurrent network and 
have calculated the mean square error. We have kept the 
architecture with the smallest mean square error.  

We used a LSTM [23]-[28] with six recurring layers. The 
first layer is the input layer, it contains 26 neurons, and the 
following three layers are the recurring layers where each 
layer contains 250 neurons, the 6th layer with three neurons 
where each neuron corresponds to a parameter (nicotine 
concentration, resistance and power of the e-cigarette). (See 
Fig. 3). 

 

 

Fig. 3 Architecture of the proposed model (prediction of the configuration of the e-cigarette in terms of nicotine concentration, power and 
resistance of the e-cigarette) 

 

 

Fig. 4 Prediction of the concentration of nicotine 
 

V. RESULTS 

The prediction of the configuration of the e-cigarette was 
obtained by training our LSTM model shown in Fig. 3. The 
prediction results are presented in Figs. 4-6. 

We can see from Fig. 4 that the model was well trained. 
After this training phase, the test part shows that there is 
indeed a correspondence between the predicted data and the 
actual data. Although there are concentration values that the 
model does not predict well, it remains consistent. Whenever 
the model predicts an increase, the participant increases the 
concentration of nicotine. 

 
Fig. 5 shows the graphic representation of the prediction of 

the resistance of the e-cigarette and Fig. 6 shows the 
prediction of e-cigarette’s power values. 

For the resistance and power of the e-cigarette, it should 
also be noted that the model learns well during the learning 
phase and is able to predict well the values of power and 
resistance of the e-cigarette.  

From Figs. 4-6, we note that the model adapts to the 
needs of the user. Indeed, even if the model predicts a value 

that does not correspond to the actual need, it adjusts this 
value in the next inhalation.  

Original data 
Train data Pred 

Test data pred 
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Fig. 5 Prediction of resistance values 
 

 

Fig. 6 Prediction of power values 
 

VI. SUMMARIZING 

In a very simple way, this paper fulfilled three main 
objectives 
1- Developed a data collection platform for an iPhone, Apple 

watch and an e-cigarette. 
2- Propose a system for predicting the configuration of an e-

cigarette for modeling the consumption of nicotine in 
terms of nicotine concentration, power and resistance of 
the e-cigarette. This system is based on the use of an 
iPhone, apple watch and an e-cigarette. 

3- We proposed a model of nicotine prediction, power and 
resistance of the e-cigarette. 

VII. CONCLUSION 

In this paper, we proposed a new approach to model the 
consumption of nicotine in order to satisfy the smoker need 
for nicotine to help him/her to achieve smoking cessation. 

The system we have proposed takes into account the 
different major factors that influence the consumption of 
nicotine. 

The subsequent design of the different parts of our system 
began with the recognition of physical activities, the 
recognition of behaviors and presence that were dealt with 
before, and then the system of predicting the configuration of 
the e-cigarette. This last part has been deepened by training a 
LSTM on the data coming from the first two parts of the 

system. Finally, we presented the system that allows 
predicting the configuration of the e-cigarette to satisfy the 
smoker's need for nicotine. The prediction of the configuration 
of the e-cigarette (nicotine concentration, resistance value, 
power value of the e-cigarette) was very satisfactory given the 
amount of data we could collect and the constraints of 
experience (uncontrolled environment, presence of noise in 
signals). 
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