


AMERICAN UNIVERSITY OF BEIRUT 
 
 
 
 

TOWARDS A 3D-PRINTED IOT ELECTRONIC NOSE FOR 
MULTIPURPOSE AROMATIC DISCRIMINATION:  

AN OPEN SOURCE, LOW COST, AND PORTABLE SOLUTION 
TESTED ON WINE 

 
 
 

by 
AHMAD FARAJ KHATTAB 

 
 
 

A thesis 
submitted in partial fulfillment of the requirements 

for the degree of Master of Engineering 
to the Department of Electrical and Computer Engineering 

of the Faculty of Engineering 
at the American University of Beirut 

 
 
 
 
 
 
 

Beirut, Lebanon 
April 2019 

 
 







ACKNOWLEDGMENTS 
 
 
 
I want to thank the following people for their support in completing this thesis: 
 
Marwa El Ghali, for never failing to hold down the fort, allowing me to dedicate the time 
needed to this thesis, 
 
My Secret Santa this year, for helping supply some of the wine for testing, 
 
Marwa Itani, for her help in the lab, as well as all other lab instructors along the way, 
 
Dr. Imad Toufeili, for his support and guidance in the lab and the experiments, 
 
My advisor, Dr. Mariette Awad, for her constant guidance and her patience, 
 
And finally, and most importantly, my family, for being the shelter I can go to whenever 
I lose my way. 

v 



AN ABSTRACT OF THE THESIS OF 
 
 
 
Ahmad Faraj Khattab     for Master of Engineering 
   Major: Electrical and Computer Engineering 
 
 
 
Title: Towards a 3D-Printed IoT Electronic Nose for Multipurpose Aromatic 
Discrimination: An Open Source, Low Cost, and Portable Solution Tested on Wine 
 
 
 
 
The sense of smell or olfaction is a primary human sensory system and perhaps the most 
evocative of the five senses eliciting strong emotional and cognitive responses of both 
attraction and repulsion. The human olfactory system can detect more than 10000 odors 
and can discern up to 5000 of them. The human ability to discriminate and detect 
different odors is however very limited, highly subjective and prone to fatigue. As a 
result, there have been increasingly many attempts at mimicking the sense of smell in 
what has now been known as an electronic nose or an e-nose. 
 
In the biological olfactory system, the neural network plays the crucial role of coding, 
processing, and classifying the different odors based on the neural signals received from 
the olfactory receptors’ interaction with odorants. Similarly, in an e-nose, an array of 
non-specific chemical sensors reacts to the aerosols, altering them to varying degrees, 
which gives rise to electrical signals that are registered by the instrument. Various pattern 
recognition methods can then be employed to discriminate the unknown odors into 
predefined fingerprints. This potential to discern different odors at a significantly lower 
cost and time has fueled the research of utilization of e-noses in many fields. However, 
commercialized e-noses are still bulky, expensive, and offer a closed system that is very 
specific in terms of the sensor configuration and the aerosols that can be monitored, 
targeting niche markets with proprietary software. 
 
This thesis presents a novel portable, versatile, 3D Printed IoT connected e-nose, the 
advantages of which consist of its open source nature, ease of reproducibility and mass 
employability for a cost of around $200. The e-nose was tested in a wine classification 
exercise where different machine learning approaches were used, and the best one 
yielded a 99% aroma prediction accuracy showing the potential of the proposed e-nose to 
service mass markets and compete to a large extent with commercial units. 
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CHAPTER I 

INTRODUCTION 
 

The sense of smell or olfaction is a primary human sensory system and perhaps 

the most evocative of the five senses eliciting strong emotional and cognitive responses 

of both attraction and repulsion. Olfaction’s primary role is in regulating food intake 

and contribution of up to 75% to the perception of flavor. It also serves a protective 

function against possible toxic materials or irritants. The human olfactory system can 

detect more than 10000 odors and can discern up to 5000 of them [1, 2]. The ability to 

detect the presence of certain aerosols has proven to be of great potential and of great 

use in a wide range of fields, from detecting bombs, spoilage of food, pollutants, to 

diagnosing various diseases such as diabetes and cancer. The human ability to 

discriminate and detect different odors is however very limited, highly subjective and 

prone to fatigue. Thus far, societies have relied on dogs to detect odors in different 

domains ranging anywhere from safety and security to health and quality control. 

However, training canines to detect certain odors is greatly restricted by the cost of 

training a dog which also has a short life expectancy and the limitation of the olfactory 

system of the dog itself.  As a result, there has been increasingly many attempts at 

mimicking the sense of smell in what has now been known as an electronic nose or an 

e-nose [3, 4]. While a nose leads to odor identification which is subjective and highly 

aesthetic, an e-nose is an instrument with an array of non-specific chemical sensors 

which lead to odor discrimination as shown in Fig. 1. In the biological olfactory system, 

1 
 
 
 
 



 
 
 
 
the neural network plays the crucial role of coding, processing, and classifying the 

different odors based on the neural signals received from the olfactory receptors’ 

interaction with odorants. Similarly, in an e-nose, an array of non-specific chemical 

sensors react to the aerosols, altering them to varying degrees, which gives rise to 

electrical signals that are registered by the instrument [5]. Since the chemical gas 

sensors are different, a multivariate response with broad and partially overlapping 

selectivity to each sample aerosol will be obtained. The result is a unique pattern that 

characterizes the aerosol. As such an aerosol which can be odorous or odorless is 

classified without insight to the nature or constituents of the odor. Pattern-recognition 

algorithms would allow for the classification of the different aerosols based on their 

fingerprint response to the chemical sensors [6-8].  

This potential to discern different odors at significantly lower cost and time has 

fueled the research of utilizing e-noses in many fields from food industry[9, 10], safety 

[11, 12], disease and cancer detection [13, 14], to monitoring environmental pollution 

on earth as well as space stations [15-18]. 

However, one of the main restrictions of the technology so far has been 

validation [19]. The successful implementation of the e-nose in various applications 

requires a large number of well-characterized samples to carry out an appropriate 

training. The way to solve this problem is to construct international databases. 

Commercialized e-noses might offer solid methodology for standardized data 

collection, and several groups are currently working on the construction of databases 

that will help to improve the quality of validations [20].  
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However, commercialized e-noses are still bulky, expensive, and offer a closed 

system that is very specific in terms of the sensor configuration and the aerosols that can 

be monitored. This restricts the widespread use, validation and crucial data collection 

for specific applications [4, 7, 9, 10]. The reliance of successful e-nose applications on 

using machine learning algorithms imposes the need for abundance of data and that 

requires cheap, easy-to-use tools that are uniform across data collectors. 

To this end, this thesis presents the development of an IoT open source version 

of a multipurpose, customizable, low-cost, portable, 3D-printed, connected e-nose. 

While extensive research is going into development of low-cost and compact devices, to 

the best of our knowledge, this is the first e-nose of open source nature. This design was 

manufactured and customized with basic CNC, 3D printer and electronic knowledge at 

a very low cost (around 200$) making it highly accessible to educational institutions, 

universities and the scientific research community. In the scope of this work, we tested 

the e-nose in a classification exercise for different wine types both local and 

international. 

The remainder of this thesis is organized as follows. Chapter 2 reviews the 

current state-of-the-art e-noses, both commercial and those proposed by other research 

groups. Chapter 3 describes the proposed e-nose hardware, while chapters 4 and 5 

discuss its workflow and enclosure specifications respectively. Chapter 6 presents a 

case study of the proposed e-nose for classification of different wine types, with the set 

of results summarized in chapter 7. Finally, chapter 8 discusses conclusions of this 

project and proposed future work. 
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Fig. 1: From a Nose to an E-Nose [5], edited from [1]
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CHAPTER II 
RELATED WORK 

 

E-noses can offer a viable solution for detection of aerosols and odors by 

allowing for real-time continuous measurements. However, most e-nose technologies 

have been bulky or at best semi-portable, while lacking reconfigurable and accessible 

design [21]. Although some commercial e-noses have achieved good portability with a 

hefty price tag, like the PEN3 at 19,800 Euros (2019 quotation) [21], most e-nose 

solutions have employed desktop stationary stations [6]. The high cost is due to the 

sensors employed, which are often very expensive and selective, limiting the range of 

usage of a certain type of e-nose [4]. The current market leader in electronic noses is the 

French company Alpha Mos, which offers high-end, expensive, robust stationary 

laboratory e-noses. Other companies, like Scensive Ltd and Smiths Detection, offer 

somewhat cheaper and more portable versions of e-noses, which are frequently utilized 

in academic literature. These devices are intended to be used as laboratory instruments 

and are based on conducting polymer arrays. Some examples include the ppbRAE Plus 

with listed price of $6,215 and the portable Cyranose320 with listed price of $7,995, 

according to a 2014 sale quote from (www.sensigent.com) [21]. Another company, 

Electronic Sensor Technology Inc., offers their “zNose” model which ranges from 

$30,000 to $45,000 according to 2019 quotation. 

Due to the continuous advances in gas sensor technology, research groups have 

given rise to exceptions that address these limitations [22]. MOSES II, developed by 

GSG group, allows for multiple configurable sensor technologies in one device. The 
5 

 
 
 
 



 
 
 
 
aim, however, was optimized for accuracy and precision over portability. It is a heavy 

stationary unit with Metal Oxide and Quartz microbalance sensors and unsuitable for 

mobile applications [23]. Other e-noses that were developed, like the X-AM 7000 by 

Dräger [22], exhibited excellent portability. However, the device was application-

specific for detection of aerosols for human safety at industrial plants, which is a 

limitation of the scope. Likewise, there are similar e-noses published in research 

developed by universities and research facilities interested in e-nose technology in one 

specific type of application [24-26]. Another drawback facing e-nose technology is the 

direction of many universities to design their own from the ground up to suit their needs 

and their budgets avoiding utilizing a commercial costly e-nose. This greatly restricts 

reproducibility and validation when the design is halted at a make-shift prototype stage 

or kept proprietary to be commercialized later for a high price tag [27-32]. As such, the 

work presented by our thesis still acquires a unique niche and special interest for the 

scientific community to utilize a simple yet innovative technology. 
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CHAPTER III 

PROPOSED IOT HARDWARE 
 

The intended target of the proposed e-nose is not to compete with the existing 

high-end laboratory-specific market, but to address mass markets. The target is to have 

a low-cost, battery-operated, IoT e-nose that can be created with ease for eventually 

multiple applications. The ability to produce an e-nose with consistent unit-to-unit 

properties enables calibration on one unit, and application to all units’ methods, which 

is crucial to solving e-nose’s challenge of validation [33]. 

To maintain a low-cost product, the suggested e-nose implements Metal Oxide 

Sensors (MOS) which are among the cheapest, most commercially-available gas 

sensors. The basic concept of operation of these sensors is based on a sensor element 

and a heater element. Metal oxides on the sensor element reach high temperatures due 

to the heater, at which point they behave as semiconductors and induce redox reactions 

with the surrounding aerosols at their surfaces in presence of ambient oxygen. The 

degree of reactivity is determined by the metal oxide / catalyst combination, the 

surrounding aerosols, and the temperature. The resistance of the MOS changes as a 

result and can be measured by the e-nose as voltage variation. These sensors are robust 

with broad reactivity to a wide range of aerosols, which is perfect for usage in e-nose 

technology, albeit their sensitivity to temperature and moisture [34-36]. 

To increase the range of its utility as a multipurpose device, the suggested e-

nose would have replaceable sensors that can be exchanged to suit the intended purpose. 
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The e-nose would have sockets that fit different models of gas sensors, allowing 

detection of aerosols for different applications. The suggested e-nose would cut the 

design stage and allow interested parties to jump directly into testing, by choosing 

whichever sensors they wish to utilize. After reviewing the most important metal oxide 

gas sensor models on the market, the most popular were chosen for the design, which 

are the Figaro line of MOS, and their corresponding sockets Figaro’s TGS8xx and 

TGS2xxx [26, 34, 37, 38]. For the test case, eight commercially-available Figaro gas 

sensors that cover a large range of smells were chosen. 

The e-nose classification workflow consisted of training and testing phases. A 

training stage introduces the e-nose to specific aerosols and assigns the known class to 

the response from the sensors. The testing stage introduces new samples to the e-nose 

and tests for successful classification. 

 

A. Main PCB 

The main PCB holds the e-nose’s microcontroller, Bluetooth module, and the 

sensors’ variable resistors. The board was printed on a regular commercial double-sided 

board. The board acts as a breakout for the pins of the microcontroller. We added 

redundant connectors for future possibility of expanding the components of the e-nose 

including a secondary pump, a valve control, as well as digital inputs/outputs.  
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1. Arduino Pro Mini 

The e-nose uses an Arduino Pro Mini as its microcontroller. The wildly 

popular development board, especially in educational institutions, bridges the gap 

between flexible prototyping and permanent set-ups, allowing for both rapid testing and 

fixed installations in a project. The 5 volts version was selected as opposed to 3.3 volts 

to avoid the need for unnecessary voltage regulators. The board comes with headers that 

allow it to be mounted into PCBs directly. An FTDI cable or FTDI to USB board can be 

used to communicate and program the device with ease while maintaining a minimal 

size. An open source Arduino IDE with plenty of community support is used to program 

the controller. The small board packs up to 14 digital inputs/outputs including 6 PWM 

outputs and 6 analog inputs, which offers plenty of flexibility to expand our sensory 

input and functionality further [39]. The pinout can be seen in Fig. 2. 

 

2. Bluetooth Mate 

The Bluetooth module from Sparkfun offers a simple method to add 

connectivity to the e-nose. It can both send and receive data and can be readily 

connected to the Microcontroller serially and with 5 volts to power up [40].   
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Fig. 2: Arduino Pro Mini Pinout [40] 
 

 

3. Multi-Turn Trim Potentiometers 

The variable resistors offer control over the sensitivity of the Figaro Gas 

sensors and the flexibility to adjust according to the application or aerosols of interest. 

They are ergonomically placed directly underneath a magnetic cover, which exposes 

them when removed for ease of access as shown in Fig. 3. 
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Fig. 3: A magnetic cover gives access to the variable resistors controlling the sensors 

 

B. Sensors PCB 

The sensors’ PCB is the second main circuit of the E-nose. It is also the 

simplest, so we printed it on single-sided boards. It is made up of 8 sockets that are 

evenly distributed between 4 pins - marked as S0, S1, S6, S7 in Fig. 4, and 4 pin 

formats marked as S2, S3, S4, S5. These can house the two main types of MOS. The 

arrangement of the sockets is crucial to eliminate sensor bias when the flow of aerosols 

is first introduced to the sensor chamber. 

As shown in Fig. 4, the sockets where arranged with equal distance from the 

center where the aerosol is administered. The optional noticeable edge to the otherwise 
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circular board allows for intuitive correct orientation placement when assembling the 

device, as it can only be fitted in one way. To allow for modifications on the number of 

sockets and their type, we purposefully developed the sensors’ PCB separately. It 

interfaces with the main PCB via connecting wires. The PCBs can be replicated using 

the files generated from the free version of EAGLE, PCB Design Software, from 

Autodesk. 

 

 

Fig. 4: An eagle file schematic of the sensors’ PCB 
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C. Others 

1. Power Source 

A battery pack from a disassembled Power bank (Anker Portable Charger 

Power Core 20100 mAh) powers the e-nose. This simplifies the manufacturing further 

as the charging circuitry can be directly incorporated into the design, allowing for 

recharging by USB.  

 

2. Pump 

A simple 6V DC Mini Air Pump is used to allow the e-nose to “sniff” in the 

aerosols. For this purpose, we’ve utilized the Mini Air Pump Motor. It’s made of metal 

and plastic, has a 6V operating range voltage, and allows for 0.5L of air flow.  

 

3. 12-Volts Micro Solenoid Valve 

A single 12V micro solenoid valve, which can be controlled digitally via the 

microcontroller, was used. This is crucial for the different working modes of the e-nose. 

It is placed at the output to trap or release the aerosols extracted by the pump or injected 

into the sensors’ chamber. 

 

4. 5V-12V Step-up Voltage Regulator 

A voltage regulator was utilized to operate the 12V Solenoid Valve. This added 

complexity can be avoided if a suitable 5 volts micro solenoid valve was found in the 

local market. 
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5. 3 Configurable Control Buttons 

The Arduino microcontroller supports 6 configurable control buttons. Three 

momentary push buttons were added to the interface of the e-nose enclosure to control 

different functions. The In this setup they corresponded to Cleaning Button, Auto 

Sampling Button, and Continuous Sampling Button. The cleaning button initiates the 

cleaning mode necessary to clear the aerosol chamber from any contaminants or aerosol 

residue from measurements. The sampling button initiates a timed sampling mode 

which can be configured to last for a set duration allowing for precise operation of the 

pump and withdrawal of a specific volume of aerosol headspace. The continuous 

sampling button allows for continuous sampling and is mainly used for quick testing of 

aerosol headspace with no time restrictions. 

 

6. One-Way Valve 

This passive one-way valve was used to prevent the back flow of collected 

sample aerosols once the pump is shut off after sampling. It is placed at the inlet. This 

and all other parts mentioned can be seen in Fig. 8 below, as part of the dissected 

schematic of the proposed e-nose. 
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CHAPTER IV 

PROPOSED MODE OF OPERATION 
 

 

Fig. 5: A typical e-nose workflow 
 

The e-nose’s mode of operation is dictated by the software that is uploaded to 

its microcontroller. In principle, e-noses share a similar workflow as shown in Fig. 5. 

The microcontroller reads the responses registered by the gas sensors as a voltage 

measured at the output of the voltage divider, and then either saves them locally or 

transmits them to a receiving medium. In our suggested e-nose, an Arduino 

microcontroller transmits the data collected via Bluetooth to a visualizing tool deployed 

on a PC. The code that runs the setup can also be generated and applied using the open 
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source Arduino IDE. The e-nose’s workflow operates according to the following steps 

as shown in Fig. 6: 

 

 

Fig. 6: A typical e-nose steps of operation 
 

 

A. Set-In Phase 

Considered as the initial state of the e-nose, it must be carried out to 

completion before any aromatic sampling starts. In this state, the e-nose is turned on and 

sensors become active. The sensors usually require some time to achieve their optimal 

working conditions. In the case of MOS, this state is usually referred to as the Burn-in 

or Set-in phase. The heater components of the MOS increase in temperature, which 

increases the sensitivity of the gas sensors. The end of this phase is usually signaled by 

the stabilization of the recorded responses from the e-nose. 

16 
 
 
 
 



 
 
 
 
B. Sampling Phase 

The methodology followed when sampling in e-noses depends largely on the 

type of sample. In simple mixtures of single gases or well-known combination of gases, 

it suffices to prepare the aerosols by mixing the gases from predefined gas bottles. A 

mass flow controller is used to get the required concentrations and percentages of each. 

However, in complex mixtures like food odors, the aerosol sample in question is to be 

collected from the headspace of sealed vials in which the sample is placed [41-43]. A 

headspace is simply the contained aerosol medium which the sample would have 

released odors into. If the sample is allowed to sit in the sealed vial for some time, it 

continuously releases vapors into the medium until equilibrium or saturation occurs. 

The speed at which this release occurs, and the volume of aerosols released depends on 

the surface area, the sample concentration, its volatility and the sample temperature. 

There are multiple schemes for sample collection: two of the most common 

are referred to as dynamic headspace technique and static headspace technique. In the 

dynamic headspace technique, an inert carrier gas flushes the aerosols from inside the 

vial and into the e-nose. This continuous sweeping over the liquid phase of the sample 

keeps the concentration of aerosols in question very low in the sealed vial, which allows 

for continuous release of more sample aerosols as equilibrium or saturation is never 

achieved. In static headspace technique, the headspace in a sealed vial is extracted by a 

syringe or pump suction and injected into the sensor chamber of the e-nose [28, 42, 43]. 

In both schemes, an external auto-sampler like the (Hs 850 CE Instruments) 

can be used [27, 44]. This device automates the sample collection, increases the 
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reproducibility of measurement due to its automated nature, and often improves upon 

the accuracy of the results. It consists of a belt-like rotary that samples from different 

vials sequentially or in parallel. The conditions of the extracted aerosol samples can be 

controlled by exposing them to heat or reducing humidity etc. As such, each sample is 

extracted with the same characteristics of speed, volume, and most importantly similar 

temperature and humidity conditions. 

The suggested e-nose is compatible with both techniques and can also be 

coupled with an autosampler. Although the e-nose has a built-in pump, it can be readily 

bypassed and the autosampler in this case would inject the sample aerosols instead of 

them being “sniffed” or sucked in.  

 

C. Cleaning Phase 

This is the final phase in the e-nose workflow which allows, upon completion, 

for another sampling. Fresh or known inert carrier gas is now injected or extracted into 

the sensors’ chamber. It is intended to purge and clean the sensors of any aerosols that 

are present from the previous sampling. The end of this phase is usually signaled by the 

stabilization of the recorded responses from the e-nose. The time required here varies 

depending on the nature of the aerosols from the previous samples, and the sensors’ 

drift might be noticeable afterwards. 
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CHAPTER V 

PROPOSED ENCLOSURE 
 

To allow ease of reproduction and assembly, the e-nose’s enclosure was 

manufactured in LEGO-like modules. The enclosure can readily be assembled or 

disassembled partially or fully with a single standard screw driver. This gives users 

access to any part of the inside of the e-nose to connect the circuitry during assembly or 

for troubleshooting. As a result, multiple materials were used to fit each module. Three 

main materials were used: PLA Plastic, Polyamide, and Plexiglas. All three 

manufacturing procedures were done using tools and equipment typically found in 

universities and laboratories. The entire enclosure can be replicated by using the open 

source design directly. One important feature that must be done manually is securing 

the seal of the sensors’ chamber. 

 

A. Polyamide Parts 

The sensors’ chamber, which is composed of the top chamber and top lid as 

shown in Fig. 7, are indeed the most crucial part of the e-nose. They will be exposed to 

the most amount of heat from the sensors’ operation as well as integration with the 

incoming aerosol samples. As such, they should exhibit inert properties and high 

tolerance to heat. For that reason, they were made from a material like Teflon but at a 

much lower price tag. Both were manufactured using the Roland 540 CNC machine 

operating with 3 axes. Originally, 2 single blocks of white polyamide were fitted to the 
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CNC. Files are exported as STL and processed with Vectric Aspire. The air opening 

was manually drilled with a 3mm drill bit. 

 

B. PLA Plastic Parts 

These parts have the most intricate design in the e-nose. As such, it was 

necessary to use 3D printing to manufacture them as they would otherwise prove hard 

to do using a normal CNC machine. The top bracket, back panel, and side arcs, shown 

in Fig. 7, were manufactured using the Dreamer Flashforge 3D printer. The filament 

used is a black PLA. Files are exported as STL and processed with Dreamer software. 

The machine settings for the above prints are: 85 degrees Celsius for the bed 

temperature, 220 degrees Celsius extruder temperature, medium resolution prints, 25% 

infill hexagon-shaped supports and raft are also added. After finishing the prints, we 

fitted 3mm threaded inserts to the holes by heating them with a hot air gun. Two 

magnets were added to the side arcs to allow for ease of removal of the cover and access 

to the multi-turn trim potentiometers. 

 

C. Plexiglass Parts 

Because these parts have a simple form, it was more accurate and economical 

to manufacture them using CNC machine. The front panel, side panels, front lid, and 

bottom lid, shown in Fig. 7, were manufactured using a 100W laser cutting machine. 

4mm black opaque Plexiglas sheets were used. We exported the files as DXF and 

processed them with AutoLaser software. The front lid was then treated with the CNC 
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Fig. 7a: A 3D rendering of the proposed e-nose 
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Fig. 7b: Proposed e-nose
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Fig. 8: A 3D cross-section rendering of the proposed e-nose 
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to engrave the logo, numbers, and place the magnet placeholders. After cutting all parts, 

we manually drilled the chambers with an electric drill. Two magnets were added to the 

front lid. White paint was applied to highlight the engraved text. The lid was treated 

with the CNC to give space for the battery cables. Similarly, the left side of the 

Plexiglas was treated with the CNC to add room for the micro solenoid valve to rest. 

 

D. Sensors’ Chamber Seal 

To favor reproducibility by eliminating variables that affect the sensors’ 

behavior, namely humidity and temperature, the top chamber and top lid were both 

sealed with liquid rubber to prevent air from escaping outside of the chamber. The 

rubber seal was poured into the groves between the two: it was left 24 hours in warm 

room temperature conditions for a better overall performance and was later treated for 8 

hours in 65 degrees Celsius atmospheric temperature. Upon its settling, the liquid 

rubber hardened and acted as a customized O-ring. The liquid rubber is commercially 

available with simple instructions to apply, resembling preparation of your mainstream 

Gelatin or Jell-O. Finally, we applied a disposable layer of self-adhesive silicon 

wherever measurements were due to ensure full seal of the sensors’ chamber. 
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CHAPTER VI 

CASE STUDY EXPERIMENTATION 
 

To test the proposed e-nose, we performed a classification exercise of different 

types of wines from various local and international brands. Wine has an intrinsic aroma 

that is considered a telltale sign of its quality and type. The aerosols generated by wine 

are a complex mixture of volatile organic compounds that each contribute in different 

capacities to the odor and smell detected [45]. Minute changes in these aerosols or their 

concentrations might alter the perceived aroma characteristics, and that is usually 

reflected in the price paid for the wine [44]. The quality of wines has been long 

evaluated by an expert sensory panel: a group of trained humans who rely on their 

olfactory senses to differentiate and discern the quality of wines. However, securing and 

training a sensory panel is both costly and time-consuming. It is also susceptible to 

human bias and fatigue [46]. Other wine evaluation techniques involved laboratory 

analysis of the chemistry of the wines by analytical instruments such as gas 

chromatography and mass spectrometry. These tests give an understanding of the 

molecules, which might be volatile, and the aerosols released by wine, but fail to 

capture the subjective nature of the odor that ends up being perceived [45]. They are 

also lacking in simplicity and tend to require significant preparation and analysis time, 

restricting usability to expert operators [27].  

However, new approaches that combine data measured from multiple 

instruments, such as gas or NMR chromatography, mass spectrometry, FTIR spectra, 
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promise a more accurate evaluation. This holistic approach to measurements, inspired 

by the biological olfactory system, looks at the global information collected about the 

sample as opposed to its individual components or characteristics [47].  

Similarly, the e-nose’s array of some specific, cross-sensitive sensors, 

combined with machine learning algorithms, offer multiple data inputs that give rise to 

an identifiable, unique fingerprint for the wine’s aroma. The simplicity of utilizing a 

single device for odor classification has made e-noses very popular in the analysis of 

wines in many applications including quality control, age monitoring, or the detection 

of adulterants [46]. Table 1 summarizes some of the applications and research on e-nose 

usage in wine study and classification. 

 

 

Table 1: Different e-nose applications and research in wine study and classification 
[48-51] 
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A. Proposed Experimentation Strategy 

To prepare for our wine classification test case, a couple of arrangements were 

considered:  

 

1. Sensors Selection 

MOS have been successfully frequently used in e-noses in wine-related 

applications for classification of flavors, region, aging and others in spite of their high 

sensitivity to water [9, 43, 46]. Similarly, this setup used 4 Figaro TGS26XX (with XX 

= 00,02,12,20) and 4 Figaro TGS8XX (with XX = 16,26,23,32) obtained from Figaro 

Engineering, Inc. [52]. These sensors are sensitive towards a wide spectrum of gas types 

with overlapping sensitivities. Table 2 lists the target gases of the 8 MOS provided by 

the manufacturer. 

 

 

Table 2: The target gases of the 8 MOS used in the wine case study 

27 
 
 
 
 



 
 
 
 
2. Sampling Approach 

Static headspace has been commonly used in e-nose applications dedicated to 

wines [9, 53, 54]. Similarly, the samples were placed in sealed bottles with a rubber 

septum. The built-in pump was equipped with a rubber tube ending with a syringe 

needle. The needle was used to pierce into the sealed bottles without comprising the 

medium or releasing the aerosols trapped inside the static headspace. The headspace 

collected was then drawn into the sensors’ chamber and held during the sampling phase. 

The pump was calibrated to draw the optimal volume of headspace. To calibrate the 

pump flow rate or volume extract/time, an inverted graduated cylinder was placed in a 

water bath. The rubber tube from the e-nose was passed into the end of the inverted 

cylinder while making sure it’s dry. The water level at rest was recorded. The pump was 

turned on for a defined short period of time. The water level increased, and the new 

level is noted. The flow rate of the pump is the difference between the two levels over 

the time the pump was turned on. In this setup it was found to be ~10 mL/sec 

empirically.  

 

3. IoT E-Nose Configurations 

Parameters of the proposed e-nose were found after numerous empirical testing. 

Best performance was achieved with 8 sensors, a set-in time of 3 minutes and 0.5 

seconds for sampling rate.   

Concerning the sampling phase time: one momentary push button was 

configured to start the pump and to extract the sample aerosol from the sealed bottle 
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into the sensors’ chamber. At the same time, the Micro Solenoid Valve is closed to trap 

the collected aerosol in the chamber. The pump then runs for 3 seconds to extract 30 mL 

of headspace volume. The phase will stay active for another 3 seconds to record the 

responses from the sensors in the chamber. 

As for the cleaning phase time: one momentary push button was configured to 

start the pump to draw in fresh air and clear the sample aerosols from the sensors’ 

chamber. At the same time, the Micro Solenoid Valve is opened to allow air to pass out 

of the sensors’ chamber. An average of 6 minutes was required to bring the sensors 

back to stability. 

 

B. Tested Wines 

11 types of wines were selected from different sources. Subsets of each had 

matching features like color, winery, vintage, variety, or country, to reflect the different 

aspects that might affect the readings. The wines were selected to have similar alcohol 

content (12%-14%) to minimize the effect of alcohol on the classification. Each wine 

was given a unique identifier code. Table 3 summarizes the wines and their 

characteristics [55, 56].  
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Table 3: Different wines selected with varying and matching subsets of characteristics 
 

C. Procedure Applied 

An empirical test was first performed using different volumes of wine. The 

known aerosol will provide a repeatable stable measurement that can be used to 

determine the best liquid to headspace volumes in the sealed bottles. After several trials 

with different volumes, a 50% liquid, 50% headspace ratio in the 60 ml sealed bottles 

gave the most stable responses with the least variations in repeated measurements. 5 

samples, each of 30 ml, were taken from the same wine bottle immediately after 

opening and placed in 60 ml Thomas Scientific amber sample bottles with a pierceable 
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Teflon Silicon Septa in the cap. Total number of samples is 55 samples. 30 minutes 

were allocated for headspace equilibration after which measurements were done. 

Each measurement was followed by a cleaning phase until sensors showed 

adequate stability. We repeated the process until all the samples were measured. To 

ensure the readings were not biased by drift or sensor poisoning of any kind, the order 

of readings of all samples was randomized. 

 

D. Live Data Visualization 

A crucial part of successful testing was monitoring the data through real-time 

visualization, to observe the sensors’ behavior and perform any needed adjustments or 

corrections should they arise. For example, both in the set-in and cleaning phases of the 

e-nose work model, it is important to recognize when the sensors have stabilized as 

described earlier. An open source platform “Telemetry Viewer” [57] shown in Fig. 9, 

was used to visualize the received responses. An indicator has been added next to each 

sensor that would indicate if it was stable. A moving average window was used to 

calculate real-time averages of the sensors’ response, with a configurable criterion to 

indicate if stability was reached. In this case study, if five consecutive averages of 20 

consecutive points each exhibited less than 2% change, the sensors are reported as 

stable. The code was also slightly modified to add Bluetooth connectivity to receive 

data directly from the e-nose. 
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Fig. 9: Telemetry Viewer from [57] used to visualize the eight sensors response from 
the e-nose. The indicator on the side panel of each sensor shows if that sensor has 

achieved stability 
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CHAPTER VII 

RESULTS 
 

A. Gathered Measurements  

During the sampling phases, the sampling rate is 0.5 seconds; each 

measurement lasts until a stable response from the sensors is recorded. An average of 

135 measurements or observations per sample was recorded, over 5 sample iterations 

for each wine, resulting in a total of 7453 observations. For each observation, 8 features 

were recorded corresponding to measurements from the 8 sensors. 

 

B. Result Profiles 

A visual exploratory analysis was done first. The average of the steady state of 

each response curve for the 8 sensors was calculated. For example, the response for all 

samples were presented for wine B in a single radar plot to show repeatability of the 

measurements. As shown in Fig. 10, the contours for the radar plots for the different 

samples are closely overlapping, showing consistent response from all sensors. 
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Fig. 10: Overlaid radar plots of the sensors’ response of 5 samples taken from same 
wine type, wine B. 

 

Next, the responses for a sample from different wine types were plotted in 

separate radar plots to show the discrimination capabilities of the e-nose. As shown in 

Fig. 11, the contour of the radar plots differs for different wine types. Fig. 12 displays  
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Fig. 11: Radar plots of the sensors’ response to a sample from different wine types:  
wine A (red), wine J (white), wine K (rose). 

 

the responses for a sample from each of the 11 wines used in the case study, overlaid in 

the same radar plot, highlighting the distinct sensor responses to the different generated 

odors.  
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Fig. 12: Overlaid radar plots of the sensors’ response for a sample from  
each of the 11 wines.  

 

 

The visual representation of the sensors’ response also gives insight into the 

sensors’ role in odor discrimination between the different wine types. For example, 

S832, S2600, and S826 exhibited clear varying responses to each wine type. When we 
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plotted the response of each sensor (feature) versus another, a clear distinction between 

the wine types appeared, as shown in Fig. 13. The Arduino microcontroller has a 10-bit 

analog to digital converter. This means that it will map the input voltages received from 

the sensors which is between 0 and 5 volts into integer values between 0 and 1023. The 

corresponding values between 0 and 1023 as recorded by the Arduino microcontroller 

were used to plot the graphs below. 
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Fig. 13: Scatter plot of the response of different sensors. S826 vs S832 and S832 vs 
S2600 were plotted for all the observations in the steady-state. The observations for 
each wine type are color-coded to show the formation of clear clusters for each type. 
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C. Classifications 

In the following section we will highlight the results from the different pattern 

recognition algorithms used to train the classification model using different data 

subsets. The MOS used in our case study exhibit a signature response curve shown in 

Fig. 14. The response passes through a transient phase, where the value keeps 

increasing before reaching a stable plateau or steady-state [58]. Multiple approaches 

have been proposed for the characterization of response curves including maximum, 

average, slope, or steady state of each sensor [6, 28, 44]. 

 

  

Fig. 14: Scatter plot of the sensors’ response for a sample from wine A showing the 
signature response curve of MOS. 
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The steady state, which represents the maximum degree of reaction between the 

sensors and the aerosols, is often successfully used to characterize the sensors’ response 

[24]. However, several studies have indicated that the transient response might have 

significant additional information that yield better prediction accuracy upon the 

classification using the steady-state alone [59]. Other studies found that transient phase 

response gave better classification results [60]. Another variation still was found with 

some studies, where using both transient and steady phase responses gave the best 

prediction model [61, 62]. Feature extraction from the sensor’s response is a crucial 

point to train the models. As the jury is still not settled on which method would give the 

better performance, this paper will test the usage of each of the three datasets (transient, 

steady-state and combined) to construct the wine classification model [58].  

A total of 7453 points were recorded as observations from the sensors to the 

different wine odors. The observations separated into 4361 points from the transient 

phase and 3092 points from the steady-state. The various sensors require different times 

to achieve stable state depending on the odors they are exposed to. The steady-state is 

only achieved when all sensors exhibit a stable response. The rough separation was 

performed using the stability indicator described earlier and through visual validation. 

Each observation has 8 features corresponding to the 8 sensors. 

To train the different models, KNN, SVM, Decision Trees, and Artificial 

Neural Networks (ANN) learning algorithms were tested with varying parameters. For 

all data subsets used, the data was randomized and divided into training set and testing 

set. KNN, SVM, and Decision Trees were run with 10-fold cross-validation and varying 
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parameters. ANN was run with varying number of hidden layers, and neurons, with data 

distribution as 70% training set, 15% validation data, and 15% testing data. The top 

performing models generated from the above methods and using the three different 

dataset options is presented in Table 4 below. 

 

 

Table 4: Prediction accuracy of the different algorithms applied to the transient, steady-
state, and combined datasets 

 

 

Using the transient phase data, ANN performed best with 98.1% prediction 

accuracy. Fig. 15 below shows the details of the confusion matrix. It is noted that 

misclassification occurred between Wine B as Wine C and vice versa. The two wines do 

not share common aroma/taste descriptors, but it is still possible that the chemical 

nature of their aromatic aerosols is close to each other and trigger the sensors in a 

similar manner leading to their misclassification. A similar behavior is seen between 

wines K and J although they exhibit different properties and flavor. 

 

41 
 
 
 
 



 
 
 
 

  
Fig. 15: Confusion Matrix of wine classification model trained with ANN algorithm 

using transient phase dataset. 
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Using the steady-state phase data, KNN performed best with 99.8% prediction 

accuracy. Fig. 16 below shows the details of the confusion matrix. Using the steady-

state phase dataset gave the highest correct classification rate of all the other data sets. 

This was predicted from our radar plots which exhibited significant distinct unique 

pattern for each wine. Most wines yielded a 100% correct classification for most wines. 

We notice again a minor but mutual misclassification between Wine B and C where one 

is misidentified as the other. 

 

 

Fig. 16: Confusion Matrix of wine classification model trained with KNN algorithm 
using steady-state phase dataset. 
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Using the combined data from transient and steady-state phases, SVM 

performed best with 97.5% prediction accuracy. Fig. 17 below shows the details of the 

confusion matrix. The lowered accuracy rate is expected due to the varying nature of the 

responses from the sensors. However, it gives the most generalized model which 

encompasses the different stage of the e-nose response. We notice again the mutual 

misclassification of wine B and C. Other instances also arise between wine K and wine 

J, as well as wine K and wine I.  The three wines are of different types, red, white and 

rose and don’t share aroma descriptors as per descriptions from their source. However, 

it is noted that they are all from the same Winery, “Chateau Ksara”. This might give 

some insight to similarity of aromatic aerosols exhibited by wines from the same orchid 

and region. Misclassification noticed between wine H and wine K can be attributed to 

their sharing of common aroma/taste descriptors like peach, watermelon and fruity 

notes. This behavior appears consistent throughout the wine types classification. It is 

more likely that misclassification occurs between wines with floral or fruity taste 

descriptors than those with spice, pepper or tannins descriptors.  
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Fig. 17: Confusion Matrix of wine classification model trained with SVM algorithm 
using transient and steady-state dataset. 
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CHAPTER VIII 

CONCLUSIONS AND FUTURE WORK 
 

The introduction of sensors with higher sensitivity and smaller footprints, 

coupled with the increasing trend of IoT, hold promising potential for future work in 

enhancements and innovation in e-nose technology. 

 

A. Expansion of Circuitry 

In future work on the suggested e-nose, we would give the circuitry a modular 

nature allowing expansions to support more sensors. One methodology is to set up the 

microcontroller and circuitry to communicate serially with similar electronic boards that 

can be added to them. This can allow different microcontrollers to control different 

types of sensors. Multiple e-noses used in literature have utilized novel sensors like 

coated quartz sensors and organic polymers, whose input can improve odor 

discrimination by multiple folds. 

 

B. Expansion of Enclosure 

While typical e-noses rely on chemical interactions of the aerosols with the 

sensors to get a response, the mechanical aspect of the aerosols can offer valuable 

information and aid with odor discrimination which will be the subject of future work. 

One implementation called “TruffleBot” works as an extension to an e-nose [63]. It 

would add fluid mechanical and spatiotemporal dimensions to the data collected by the 
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typical e-nose through its own array of chemical, pressure, and temperature sensors in a 

small embedded platform. From tests performed, improvement in odor classification 

was detected. 

 

C. Software Support and Connectivity 

Many experts predict the eventual spread of e-noses and connectivity to typical 

phones through Bluetooth. Future work will investigate the usage of everyday smart 

phones to perform odor tests of unknown samples against learned patterns from 

international databases, or to collect new data that can be uploaded to cloud-hosted 

aroma databases.  By leveraging the power and spread of smart phones, it is possible to 

deploy software support for data collection, smoothing, analysis and testing on the go. 

Other communication modules like GPS might also introduce novel ways to use the e-

nose. One suggestion would be using the e-nose to monitor pollution in real time while 

tracking location.  

 

D. Conclusions 

A novel portable, versatile, low-cost, 3D-printed, IoT e-nose was presented, the 

advantages of which consist of its open source nature and ease of reproducibility and 

mass employability, for a cost of around $200. Cheap commercial MOS were used, 

powered by a common power bank battery. The components are commercially 

available, and the design can be readily manufactured in a standard university lab. The 

Arduino Microcontroller at its core allows for the customization behind the paper’s 
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suggestion with basic electronics knowledge. The sensors can be interchanged to fit the 

targeted application. The e-nose is Bluetooth-connected, allowing for development of 

interfaces on any Bluetooth-ready device, thereby increasing its portability. The e-nose 

was tested in a wine classification exercise of ~7400 samples. A neural network 

algorithm was used, yielding a 99% prediction accuracy and showing the potential of 

the e-nose to become a useful unit in odor discrimination. As far as we know, no work 

offered an open source IoT e-nose for the scientific community and the masses. The 

outcome of making the technology accessible is a potential solution to its biggest 

problem of validation and reproducibility, giving way to constructing international 

databases and standardized data collection. 
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	A. Main PCB
	1. Arduino Pro Mini
	2. Bluetooth Mate
	3. Multi-Turn Trim Potentiometers

	B. Sensors PCB
	The sensors’ PCB is the second main circuit of the E-nose. It is also the simplest, so we printed it on single-sided boards. It is made up of 8 sockets that are evenly distributed between 4 pins - marked as S0, S1, S6, S7 in Fig. 4, and 4 pin formats ...
	As shown in Fig. 4, the sockets where arranged with equal distance from the center where the aerosol is administered. The optional noticeable edge to the otherwise circular board allows for intuitive correct orientation placement when assembling the d...
	Fig. 4: An eagle file schematic of the sensors’ PCB

	C. Others
	1. Power Source
	2. Pump
	3. 12-Volts Micro Solenoid Valve

	A. Set-In Phase
	C. Cleaning Phase
	To allow ease of reproduction and assembly, the e-nose’s enclosure was manufactured in LEGO-like modules. The enclosure can readily be assembled or disassembled partially or fully with a single standard screw driver. This gives users access to any par...

	A. Polyamide Parts
	The sensors’ chamber, which is composed of the top chamber and top lid as shown in Fig. 7, are indeed the most crucial part of the e-nose. They will be exposed to the most amount of heat from the sensors’ operation as well as integration with the inco...

	B. PLA Plastic Parts
	These parts have the most intricate design in the e-nose. As such, it was necessary to use 3D printing to manufacture them as they would otherwise prove hard to do using a normal CNC machine. The top bracket, back panel, and side arcs, shown in Fig. 7...

	C. Plexiglass Parts
	Because these parts have a simple form, it was more accurate and economical to manufacture them using CNC machine. The front panel, side panels, front lid, and bottom lid, shown in Fig. 7, were manufactured using a 100W laser cutting machine. 4mm blac...
	Fig. 7a: A 3D rendering of the proposed e-nose
	Fig. 7b: Proposed e-nose
	Fig. 8: A 3D cross-section rendering of the proposed e-nose
	to engrave the logo, numbers, and place the magnet placeholders. After cutting all parts, we manually drilled the chambers with an electric drill. Two magnets were added to the front lid. White paint was applied to highlight the engraved text. The li...

	D. Sensors’ Chamber Seal
	To favor reproducibility by eliminating variables that affect the sensors’ behavior, namely humidity and temperature, the top chamber and top lid were both sealed with liquid rubber to prevent air from escaping outside of the chamber. The rubber seal ...
	chapter VI
	To test the proposed e-nose, we performed a classification exercise of different types of wines from various local and international brands. Wine has an intrinsic aroma that is considered a telltale sign of its quality and type. The aerosols generated...
	However, new approaches that combine data measured from multiple instruments, such as gas or NMR chromatography, mass spectrometry, FTIR spectra, promise a more accurate evaluation. This holistic approach to measurements, inspired by the biological ol...
	Similarly, the e-nose’s array of some specific, cross-sensitive sensors, combined with machine learning algorithms, offer multiple data inputs that give rise to an identifiable, unique fingerprint for the wine’s aroma. The simplicity of utilizing a si...

	Table 1: Different e-nose applications and research in wine study and classification [48-51]
	A. Proposed Experimentation Strategy
	To prepare for our wine classification test case, a couple of arrangements were considered:
	1. Sensors Selection
	MOS have been successfully frequently used in e-noses in wine-related applications for classification of flavors, region, aging and others in spite of their high sensitivity to water [9, 43, 46]. Similarly, this setup used 4 Figaro TGS26XX (with XX = ...

	Table 2: The target gases of the 8 MOS used in the wine case study
	2. Sampling Approach
	Static headspace has been commonly used in e-nose applications dedicated to wines [9, 53, 54]. Similarly, the samples were placed in sealed bottles with a rubber septum. The built-in pump was equipped with a rubber tube ending with a syringe needle. T...
	3. IoT E-Nose Configurations
	Parameters of the proposed e-nose were found after numerous empirical testing. Best performance was achieved with 8 sensors, a set-in time of 3 minutes and 0.5 seconds for sampling rate.
	Concerning the sampling phase time: one momentary push button was configured to start the pump and to extract the sample aerosol from the sealed bottle into the sensors’ chamber. At the same time, the Micro Solenoid Valve is closed to trap the collect...
	As for the cleaning phase time: one momentary push button was configured to start the pump to draw in fresh air and clear the sample aerosols from the sensors’ chamber. At the same time, the Micro Solenoid Valve is opened to allow air to pass out of t...

	B. Tested Wines
	11 types of wines were selected from different sources. Subsets of each had matching features like color, winery, vintage, variety, or country, to reflect the different aspects that might affect the readings. The wines were selected to have similar al...

	C. Procedure Applied
	An empirical test was first performed using different volumes of wine. The known aerosol will provide a repeatable stable measurement that can be used to determine the best liquid to headspace volumes in the sealed bottles. After several trials with d...
	Each measurement was followed by a cleaning phase until sensors showed adequate stability. We repeated the process until all the samples were measured. To ensure the readings were not biased by drift or sensor poisoning of any kind, the order of readi...
	D. Live Data Visualization
	A crucial part of successful testing was monitoring the data through real-time visualization, to observe the sensors’ behavior and perform any needed adjustments or corrections should they arise. For example, both in the set-in and cleaning phases of ...
	A. Gathered Measurements
	During the sampling phases, the sampling rate is 0.5 seconds; each measurement lasts until a stable response from the sensors is recorded. An average of 135 measurements or observations per sample was recorded, over 5 sample iterations for each wine, ...
	B. Result Profiles
	A visual exploratory analysis was done first. The average of the steady state of each response curve for the 8 sensors was calculated. For example, the response for all samples were presented for wine B in a single radar plot to show repeatability of ...
	Next, the responses for a sample from different wine types were plotted in separate radar plots to show the discrimination capabilities of the e-nose. As shown in Fig. 11, the contour of the radar plots differs for different wine types. Fig. 12 displays
	the responses for a sample from each of the 11 wines used in the case study, overlaid in the same radar plot, highlighting the distinct sensor responses to the different generated odors.
	The visual representation of the sensors’ response also gives insight into the sensors’ role in odor discrimination between the different wine types. For example, S832, S2600, and S826 exhibited clear varying responses to each wine type. When we plott...
	C. Classifications
	In the following section we will highlight the results from the different pattern recognition algorithms used to train the classification model using different data subsets. The MOS used in our case study exhibit a signature response curve shown in Fi...
	The steady state, which represents the maximum degree of reaction between the sensors and the aerosols, is often successfully used to characterize the sensors’ response [24]. However, several studies have indicated that the transient response might ha...
	A total of 7453 points were recorded as observations from the sensors to the different wine odors. The observations separated into 4361 points from the transient phase and 3092 points from the steady-state. The various sensors require different times ...
	To train the different models, KNN, SVM, Decision Trees, and Artificial Neural Networks (ANN) learning algorithms were tested with varying parameters. For all data subsets used, the data was randomized and divided into training set and testing set. KN...
	Using the transient phase data, ANN performed best with 98.1% prediction accuracy. Fig. 15 below shows the details of the confusion matrix. It is noted that misclassification occurred between Wine B as Wine C and vice versa. The two wines do not share...
	Using the steady-state phase data, KNN performed best with 99.8% prediction accuracy. Fig. 16 below shows the details of the confusion matrix. Using the steady-state phase dataset gave the highest correct classification rate of all the other data set...
	Using the combined data from transient and steady-state phases, SVM performed best with 97.5% prediction accuracy. Fig. 17 below shows the details of the confusion matrix. The lowered accuracy rate is expected due to the varying nature of the respons...
	A. Expansion of Circuitry
	In future work on the suggested e-nose, we would give the circuitry a modular nature allowing expansions to support more sensors. One methodology is to set up the microcontroller and circuitry to communicate serially with similar electronic boards tha...
	B. Expansion of Enclosure
	While typical e-noses rely on chemical interactions of the aerosols with the sensors to get a response, the mechanical aspect of the aerosols can offer valuable information and aid with odor discrimination which will be the subject of future work. One...
	C. Software Support and Connectivity
	Many experts predict the eventual spread of e-noses and connectivity to typical phones through Bluetooth. Future work will investigate the usage of everyday smart phones to perform odor tests of unknown samples against learned patterns from internatio...
	D. Conclusions
	A novel portable, versatile, low-cost, 3D-printed, IoT e-nose was presented, the advantages of which consist of its open source nature and ease of reproducibility and mass employability, for a cost of around $200. Cheap commercial MOS were used, power...




