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Abstract. Smell maps are geo-localized representations of the odors present in an
environment as perceived by humans. They provide a convenient mean to assess the
smellscape of urban areas, determine regions with heavy impact on the population,
and measure the reach of industrial emissions. However, their use is not widespread
because they are laborious to generate and easily outdated, as they rely on in-place
human annotations of the perceived smells. In this work we study the feasibility of
automatizing the generation of smell maps by means of a wearable electronic nose
(e-nose) as replacement for the human sense of smell; being our main objective
the analysis of whether this technology can be employed to map the subjective in-
formation inherent in smells. We have collected to that end a dataset composed of
more than 450 labeled samples of 10 different smells with a wearable e-nose, and
performed a thorough comparison of several machine learning algorithms to evalu-
ate their suitability for this task. As a second contribution, we present a smartphone
application developed to record (in situ) e-nose measurements and GPS coordinates
as well as the human perception of smells (using a form-based input method). Fi-
nally, we present an illustrative example with several automatically generated smell
distribution maps and discuss their accuracy.
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1. Introduction

General awareness regarding smog and urban air pollution has greatly increased during
the past decade due to their negative impact on public health as well as on the environ-
ment [1]. Still, the smell urban areas, understood as the subjective perception of both
pleasant and unpleasant odors, has been neglected until quite recently despite its psy-
chological impact on the mood and well-being of residents [2]. For instance, sulphur
based gas emissions from waste-water treatment-plants are regulated by law to protect
the health of nearby population, whereas the highly unpleasant odors of the exposed
sewer water remains an unaddressed issue and source of complaints.

New initiatives like smellwalking [3], the localization of smells on a map, aim to
change this situation by assessing the smellscape of major cities. However, it is an ar-
duous task that requires an elevated number of human sniffers and constant updates to
be meaningful [4]. In this regard, we propose to automate the task of smellwalking by
introducing an electronic nose (e-nose) as replacement of the human sense of smell.

It must be noticed that opposed to pollution monitoring [5,6], we are not interested
in the concentration measurement of chemical volatiles (e.g. CO, H2S, o3, etc), but in
perceiving gases in such a way that can be matched to the human perception of smells. In
this regard, e-noses are good candidates because they consist of an array of non-selective
gas sensors that respond indistinguishably to various chemicals, but whose combined
output can be processed by a classification algorithm to recognize their identity [7]. Of
course, the spectrum and concentration of volatiles an e-nose can detect is much lower
than that of a human, yet it is usually enough to recognize simple odors like garbage or
tobacco smoke [8].

Still, recognizing smells with an e-nose remains a challenging problem. One major
constraint is the elevated, and sometimes immeasurable, number variables that affect our
sense of olfaction, like climatic conditions [9] (e.g. temperature, humidity, air pressure)
or emotional factors [10] (e.g. pleasantness, exposition time, subjective connotations).

Accordingly, this work studies the feasibility of training an e-nose classifier to rec-
ognize simple odors. We have collected to that end an extensive dataset of continuous
and geo-referenced sensor readings of an e-nose, labelled according to the the subjec-
tive perception of the person who carried it and recorded at different locations (prome-
nades, residential areas, etc). We also compare the performance of some common ma-
chine learning algorithms [11] when classifying e-nose readings in order to choose one
among decision trees (DT), linear discriminant analysis (LDA), support vector machines
(SVM), and convolutional neural networks (CNN). Through this, we pretend to test and
validate the generation of automatic smell distribution maps under the most favorable
conditions.

The remainder of this paper is organized as follows. Section 2 describes the e-nose
and data acquisition system, followed by a report of the collected dataset in Section 3.
Next, Section 4 discusses the best classification algorithms for odor classification, and
Section 5 employs it for the automatic generation of various urban smell maps. Lastly,
Section 6 offers a summary of conclusions and suggests possible improvements for future
research.
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2. Data Acquisition System

This section is devoted to our data acquisition system: a smellwalking app and a wearable
e-nose for smartphones. Together, they enable the wearer to easily tag any encountered
smell, creating over time a labeled dataset of the e-nose’s transient response.

Our design goal was to keep the system as unobtrusive and lightweight as possible,
which led to a wearable design that exploits the widespread use of smartphones. Ac-
cordingly, the hardware on the e-nose was kept to the bare minimum (i.e. gas sensors,
OTG-communications, and a battery), while most of the functionality was relayed to the
app, including user interface, data storage and GPS localization.

2.1. Wearable Electronic Nose

All measurements were recorded with the e-nose shown in Figure 1. It is based on an
modular architecture for e-noses [12] that integrates heterogeneous gas-sensor technolo-
gies and auxiliary peripherals (e.g. battery, communications) in a customizable design.
It was consequently very easy to adapt to our project’s needs, specially in terms of size
and portability.

Since our purpose is to classify urban smells, we chose sensors that should be spe-
cially sensitive to chemicals present in smog (e.g. CO, SO2, ammonia) [13] as well as
others for more generic organic compounds (e.g. hydro carbons, VOCs).

Concretely, the e-nose hosts 7 gas sensors: 1 Electrolytic SO2 sensor by Alpha-
Sense, 3 MOX sensors by Figaro (TGS2600, TGS2602, and TGS2611), and 3 MOX sen-
sors by SGX (dual MICS-4514, and MICS-5524), plus 2 temperate (integrated within
the MSP430f5309 MCU) and 1 relative humidity sensor (HIH-4000). Under this config-
uration the e-nose works at an output rate of 20Hz, drawing about 1.300 W from a 1100
mA 3.3 V, and yielding approximately 2.5 hours of continuous application.

We must stress that the size of the e-nose was kept to a minimum. Thus, data logging
is only possible with the smartphone application (i.e. the e-nose carries no memory mod-
ule), and communications are only possible over the OTG-USB cable, as the Bluetooth
module would imply a greater footprint size as well as additional energy consumption.

Figure 1. Wearable e-nose




