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Abstract- An electronic nose (E-nose) system's ability to
recognize multivariate responses from gas sensors in a
variety of applications necessitates gas recognition.
Principal component analysis (PCA) and other traditional
gas recognition methods have been widely used in E-nose
systems for decades. ANNs have transformed the field of E-
nose, particularly spiking neural networks (SNNs),
significantly in recent years. In this paper, we compare and
contrast recent E-nose gas recognition techniques in terms
of algorithms and hardware implementations. Each
classical gas recognition method has a relatively fixed
framework and few parameters, making it easy to design. It
works well with few gas samples but poorly with multiple
gas recognition when noise is present.

Keywords: Gas detection, electronic nose, artificial neural
network, and spiking neural network.

1. INTRODUCTION

The human nose is a helpful scientific device for deciding
the nature of food before utilization and distinguishing
possibly unsafe gases in the climate in regular day-to-day
existence. Tactile boards, which are gatherings of prepared
or undeveloped people who finish assessment polls in
view of the scents of the items, are utilized in numerous
enterprises to survey the nature of beverages, food,
aromas, beauty care products, and unstable synthetic
items. As indicated by Bush did et al., the human nose has
roughly 400 aroma receptors and can recognize no less
than one trillion scents. The human nose is able to rate
smells, but it cannot detect toxic gases, and individual
judgments may be biased. Additionally, the human nose
has limits for distinguishing gases. The human nose cannot

be used for any kind of smell-related classification or
discrimination because of these limitations. A gas sensor
array known as an electronic nose (e-nose) responds in a
fingerprint fashion to particular volatiles. Pattern
recognition algorithms, such as artificial neural networks
(ANN), to differentiate between objects, can then use this
fingerprint response. An electronic nose's detecting,
deciphering, and segregating process is a reenactment of
human olfaction.

More often than not, unpredictable atoms respond with
the gas sensor's detecting materials to change electrical
properties like conductivity for eternity. Design
acknowledgment calculations then, at that point, recognize
and describe these progressions with the end goal of
segregation or arrangement. Compared to conventional
gas analytical equipment like GC-MS, HPLC, and FT-IR
spectrometry, e-nose requires less time and is less
expensive. E-noses are less one-sided than tangible boards
and give more reliable estimations between gadgets. As a
result, e-noses can be used to monitor a variety of smell-
related handling processes, such as the maturation of tea
and cocoa beans, the cooking of espresso and cocoa beans,
and the duration of chocolate conching. E-noses can also
be used to identify smells associated with food, such as the
freshness of meat, vinegar varieties, and meat spoilage.
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2. RELATED WORK

K et al. The biological olfaction-based E-nose system,
which was first proposed in 1982, has been in
development for nearly 40 years. According to reports in
[3-5], E-nose has achieved remarkable success in a variety
of applications, including public health [6-8], food safety
[9-15], environment monitoring [16-17], agriculture [18],
industry [19], air quality testing [20-22], the military [23],
and so on.

Gardner, ].W. et al. is an important historical milestone for
his 1994 E-Nose. [24], which he believes modularized the
E-Nose system into two separate models for him: the signal
conditioning circuit and the sensor. Rated. Tan KT and
Goodman R. Seven years later, M. presented a fine-grained
E-nose with a gas identification circuit, readout interface
circuit, and sensor array [25]. His E-Nose method in [25]
was more powerful than the work in [24] and was widely
adopted shortly thereafter.

Despite the fact that the unrivaled E-nose structure has
been proposed, fulfilling the market's prerequisites for
convenience and ongoing detection is yet unfit. As
reviewed in [24], E-Nose has evolved from being large,
prohibitively costly, and power supply dependent to being
small, minimally costly, and power dependent. Did.
Analysts normally focus on the three fundamental parts of
these E-nose frameworks while planning them: gas
acknowledgment circuits, readout interface circuits, and
sensor clusters. The sensor array combines a number of
distinct gas sensors with a microfabrication process
(MEMS). Each sensor in the array responds to various
odors in a different way as a receptor. The sensor signal is
converted into an electrical signal by the interface readout
circuit [26].As discussed in [28]-[30], an E-nose chip
typically contains both a CMOS (complementary metal
oxide semiconductor) readout interface circuit and a
MEMS sensor array [27]. The gas detection circuit
processes the signal received from the interface readout
circuit and then uses various gas detection methods to
produce the final detection result.

In the 2000s, KNN, SVM, DT, NBM, PCA, and LDA were the
main areas of research. Albeit every traditional gas
acknowledgment technique has a moderately fixed system

and few boundaries, simplifying it to plan and broadly
utilized, it is trying for them to distinguish numerous
scents within the sight of clamor precisely. In addition,
they are frequently carried out by large microchips (such
as MPU [30]-[33]), which require a significant amount of
power to function appropriately in a compact E-nose
framework.

It has been exhibited that gas acknowledgment circuits in
view of counterfeit brain organizations (ANNs) are more
successful thanks to their versatile designs [34, 36].
However, a significant amount of data from gas sensors is
needed to train an ANN. In addition, the versatile E-nose
framework cannot carry out an ANNs because of their
intricacy. When designing ANN-based gas confirmation
calculations that differ from standard gas confirmation
calculations, Application Explicit Adjustment Circuits
(ASICs) or Field Programmable Gate Exhibits (FPGAs)
([38]-[41]) are often used.

Gardner, JW. et al. [24] As far as we know, the first
instrumental version of the E-Nose framework was
provided in 1994. It consisted of direct sensor readings,
signal preprocessing circuitry, and gas detection circuitry
utilizing back propagated brain tissue. Five years later, B.C.
Muoz et al. [78] proposed a revised e-nose model
framework. This system, similar to [24], consisted of a PC
acting as a gas detection circuit, a backup board with a 22-
bit ADC and chip, and a 32-channel touch panel display.
Unfortunately, pre-2000 chip manufacturing was a bit
outdated, so the E-Nose was a bulky device.

K.-T. Tang et al. presented an electronic olfaction
framework on a chip in 2001[25]. With Euclidean
distances, the framework joined gas acknowledgment and
point of interaction readout circuits. With recording
sensor information highlights, distinguishing eight unique
odors was capable. Poor data connections between circuits
and the lack of an energy-efficient architecture resulted in
slow response times and too high power consumption for
the chips. Several studies have focused on gas
concentration estimation in addition to gas identification
circuits. C. Hagleitner et al. developed his three sensors
and chips for micro chemical sensor systems to measure
his two unique concentrations of ethanol and toluene. This
chip was created by combining complex and basic circuits.
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Unfortunately, these efforts failed to produce a gas sensing
circuit. Yes. Covington et al. presented a new chip for gas
sensor systems in his 2003 [80]. In contrast to previous
work in [79], this study produced an array with his 70
sensors and integrated circuits for driving, amplification,
and baseline rejection. It was delicate to ethanol at
0.00012 percent/ppm and to toluene at 0.00644
percent/ppm, separately.

Before 2006, there were no reports of fully integrated E-
nose chips with gas recognition, readout interface, and
sensor arrays. Starting around 2006, specialists have been
searching for a high-uprightness, energy-proficient
arrangement with less power misfortune and longer
battery duration. In 2006 Tang, K.- T et al. [81] created a
polymer sensor chip with a diameter of 1.5 millimeters
that could differentiate between eight distinct odors.
Instead of the advanced partner, a simple memory
introduced on the chip was picked. Thusly, simple to
computerized (A/D) and advanced to simple (D/A)
converters, which consume the most power, were tried not
to by store information analogy. In reserve and full burden
modes, the chip utilized 7.6 mW and 1.3 mW of force,
separately. In 2011, they developed a chip with eight
sensors and lower power consumption to completely
classify three smells [31]. With a stockpile voltage of 1.8V,
the gas acknowledgment circuit created in a 0.18 m cycle
used 2.81 mW of power. When compared to their previous
work in [81], this one made significant progress in terms
of power savings.

The study of Tang, K.-T. et al. Described a fully integrated
E-nose system-on-chip (SoC). [32], 2014. In contrast to
[82] shown in Fig. 2, this fully integrated device had eight
on-chip sensors, a gas identification circuit and a readout
interface circuit. Two cores were used in the gas detection
circuit. 1) CRBM focus with stacked probabilistic thinking
networks to reduce data perspective. (2) RISC's status as
an ANN classifier to provide confirmation results. At 0.5V,
the chip utilized 1.27 mW and gave a fast method for
diagnosing ventilator-related pneumonia with 95.73
percent precision utilizing a 0.18 mm process.

The device required 0.22 mW more power than its
predecessor, which consumed 1.05 mW, but the overall
system is integrated and higher thanks to two processor

cores and a series of buses for high-speed data transfer. It
has computing power. In addition, the E-nose chip's on-
chip learning function and standard interface protocol
make it easy to connect additional devices. In 2016 [33],
the developer released another of his E-Nose SoCs with 92°
curacy to continue screening for obstructive pulmonary
disease. It used a structure similar to [32].

K.-T. Tan et al. In 2018, we published a follow-up paper
[30] on an e-nose SoC with on-chip learning. In contrast to
a previous study that used eight sensors [32], the device
features his 36 on-chip sensors, including temperature and
humidity sensors that collect natural data. The device was
made using 180nm CMOS technology and 2.6mW at 1V.
Additionally, a partial revision of the modified PCA was
used as temperature and humidity compensation
calculations around CRBM+KNN for grouping. They
collected data from 70 gas sensors, including methanol and
ethanol, to evaluate the chip's performance. In the end, we
achieved an order accuracy of 93%.

Our research revealed that the classical gas recognition
algorithms in E-nose achieve high accuracy for small
samples with limited gas sensors [62, 67, 69, 71, 72]. This
is due, in part, to their general nature. The majority of
traditional approaches are based on SVM and other non-
linear techniques. When the example size is small, it is not
hard to find the non-straight connection between elements
and information using SVM. Nevertheless, the customary
calculations are not generally the most incredible in
certain circumstances. On the same dataset, studies in [34,
35] demonstrate that ANNs-based gas recognition
approaches are more accurate than traditional methods
like SVM.

Our examination uncovers that two primary algorithmic
constraints forestalled the vast majority of the proposed
gas acknowledgment calculations from being carried out
on chips: equipment agreeableness and the capacity to
diminish commotion. The implicit elements of numerous
customary gas acknowledgment calculations require
lattice duplications and a lot of sensor information, making
their execution in low-power chips testing. KNN is used in
many e-noses because it is more reliable than other
calculations and compatible with devices. Another
drawback is the lack of noise protection. Sensor data may
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contain errors due to the general environmental tolerance
of gas sensors [27]. The E-Nose system and its sensors
work effectively in a stable laboratory. However, in
practice, the representation of equivalent E-Nose
frameworks with equivalent sensors varies significantly.
Therefore, E-Nose systems require low-noise, hardware-
friendly gas detection algorithms that can detect a wider
variety of gases.

A back propagation neural network (BPNN), a
fundamental ANN with a forward structure, transforms a
set of input vectors into output vectors. An initiation
capability influences the result of the information vector
and the underlying load to be shipped off the neurons of
the ensuing layer until it arrives at the result neurons.
From that point forward, the genuine worth and the result
esteem are handled by the misfortune capability, and the
outcome is utilized by the chain rule backward to refresh
the heaviness of every neuron in each layer. Iterations are
used to discover this network's local optimal solution for
classification or regression [83]. YH et al. [34] in 2009, he
created his PCA + BPNN classifier that could predict green
tea quality grades with an accuracy rate of 88%. Other
applications of BPNN for gas detection have been
published in recent years, such as 96.4°Curacy for
identifying Aspergillus species and abundance in 2019 and
94°Curacy for identifying freshness in chicken [35].
Convolutional cerebrum association (CNN) is a prominent
significant getting the hang of designing pushed by the
typical visual wisdom instrument of the living creatures
[94]. As indicated by our insight, Pai Peng et al.'s work was
the first to use CNN to recognize gases. [84] in 2018. They
acquainted a CNN with up with 38 layers to test 4
unmistakable scents with 95.2% precision in an extent of
core interests. Xiao Fang Holder et al. introduced another
work [85] in 2019 about a novel hybrid method that used
convolutional and recurrent neural networks (RNNs) to
accurately identify four distinct gases. In the year 2020,
Wang and coworkers. In the convolutional and pooling
layers of the proposed optimized CNN, a unique striped 1D
kernel was utilized [86]. With an accuracy of 87.56
percent, the work classified a variety of Chinese herbal
medicines. D. Mama et al. A deep conventional neural
network with 15 layers that could recognize 10 distinct
volatile organic compounds (VOCs) using a sensor array
response map was proposed in 2021 [87].

T.J. Koickal et al,, The mixed-signal SNN neuromorphic
olfaction chip, which includes a gas recognition circuit, an
interface circuit, and an on-chip sensor array, was first
proposed in 2006, [123]. A two-layer SNN with 12 neurons
and 81 synapses was created using analog circuits. The
global STDP and local lateral inhibition learning rules of
the output layer were used to train the spike weights of
synapses. Beyeler et al. [44] proposed another gear
prototype in 2010. In contrast to [123], the neuromorphic
VLSI chip had 2048 neurons and 6144 synapses digitally
constructed. The works in [44] and [123] laid a solid
foundation for subsequent research as early SNN olfaction
chips. The accuracy and power consumption of these two
works were not, however reported, and no additional
system design was published.

In 2010, H.S. Abdel-Aty-Zohdy and colleagues created an
olfactory neuromorphic SNN chip for gas detection with
255 neurons and 32,000 synapses [124]. This allows on-
chip learning to detect gases in noise. However, the sensor
cluster and SRAM memory are not integrated into the
device and neither test results nor power consumption are
considered.

According to Tan, studies by K.T. et al. have shown that
since 2011, wearable e-nose devices with spike sparsity
have been suitable for energy-efficient SNN chips. 49]. This
work produced his SNN chip for gas identification. He
detects gases by comparing them to reference gasesina 2D
spatiotemporal feature library and converting the sensor
array data into a 2D peak sequence. The device was
divided into four independent groups of Sn02 gas sensors
and two sections of his SNN circuit to demonstrate odor
detection. The sample 1 ordered was tested with three
gases, the process was 0.35 mm, 6.6 mW, the voltage range
was 0.15 V to 2.7 V, and the accurate detection rate was
94.9 percent.

Hsieh proposed better exploration on SNN olfaction
circuits in 2012. Additionally, Tang K.T. described an
energy-efficient SNN chip based on the OB model in [125].
In comparison to [49], sub-threshold oscillation and onset-
latency representation further optimized chip area and
power consumption. With no sensors cluster, this chip was
made with interaction of 0.18 nm and consumed 3.6 watts.
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Commercial e-nose sensors (Cyranose329) sampled three
different kinds of gas data, with a correct detection rate of
87.59 percent.

Hsieh, H.Y., et al. in 2017 [126] proposed a probabilistic
spike brain organization (PSNN) on-chip learning simple
circuit with a gas acknowledgment precision of 92.3% for
three fruity scents. Under the condition that every
semiconductor was working in the subthreshold locale,
this chip, which was developed utilizing a 0.18-m CMOS
process, required under 10W to work at a stockpile voltage
of 1V. Despite the fact that there were no on-chip sensors
or SRAM, this low-power approach looks encouraging for
planning wearable, implantable, and versatile E-nose
gadgets.

3. CONCLUSION

In this work, we validate gas detection methods in E-nose
in parallel with classical ANN- and SNN-based
computations and their device implementations. Our
findings show that classical gas confirmation calculations
are easy to implement and perform well for limited gas
tests with some boundaries and reasonably fixed
structures, but under turbulence Not sufficient for
checking multiple gases. They are commonly used to
detect 5 different gases. On the other hand, ANN-based gas
confirmation calculations can achieve satisfactory
accuracy for various gas information. ANNs are often
designed as ASICs rather than MPUs using standard
methods.

REFERENCES

[1] K. Persaud and G. Dodd, “Analysis of discrimination
mechanisms in the mammalian olfactory system using a
model nose,” Nature, vol. 299, no. 5881, pp. 352-355, Sep.
1982.

[2] C. A. de March, S. Ryu, G. Sicard, C. Moon, and ]J.
Golebiowski, “Structure-odour relationships reviewed in
the postgenomic era,” Flavour Fragrance ], vol. 30, no. 5,
pp- 342-361, 2015.

[3] J. Tan and ]. Xu, “Applications of electronic nose (e-
nose) and electronic tongue (e-tongue) in food quality-

related properties determination: A review,” Artif. Intell.
Agriculture, vol. 4, pp. 104-115, Jan. 2020.

[4] A. Sanaeifar, H. ZakiDizaji, A. Jafari, and M. d. 1. Guardia,
“Early detection of contamination and defect in foodstuffs
by electronic nose: A review,” TrAC Trends Anal. Chem,,
vol. 97, pp. 257-271, Dec. 2017.

[5] H. Shi, M. Zhang, and B. Adhikari, “Advances of
electronic nose and its application in fresh foods: A
review,” Crit. Rev. Food Sci. Nutr., vol. 58, no. 16, pp. 2700-
2710, Nov. 2018.

[6] D. Harwood, “Something in the air [electronic nose],”
IEE Rev.,, vol. 47, no. 1, pp. 10-14, 2001.

[7] L. Zhang et al,, “Classification of multiple indoor air
contaminants by an electronic nose and a hybrid support
vector machine,” Sensors Actuators B: Chem., vol. 174, pp.
114-125, Nov. 2012.

[8] S. Dragonieri et al., “An electronic nose distinguishes
exhaled breath of patients with malignant pleural
mesothelioma from controls,” Lung Cancer, vol. 75, no. 3,
pp- 326-331, Mar. 2012.

[9] A. D. Wilson and M. Baietto, “Advances in electronic-
nose technologies developed for biomedical applications,”
Sensors, vol. 11, no. 1, pp. 1105-1176, 2011.

[10] C. Di Natale, A. Macagnano, E. Martinelli, R. Paolesse,
E. Proietti, andA. D’Amico, “The evaluation of quality of
post-harvest oranges and apples by means of an electronic
nose,” Sensors Actuators B: Chem., vol. 78, no. 1, pp. 26-31,
Aug. 2001.

[11] D. Guo, D. Zhang, N. Li, L. Zhang, and J. Yang, “A novel
breath analysis system based on electronic olfaction,” IEEE
Trans. Biomed. Eng,, vol. 57, no. 11, pp. 2753-2763, Nov.
2010.

[12] I Concina, M. Falasconi, and V. Sberveglieri,
“Electronic noses as flexible tools to assess food quality
and safety: Should we trust them?,” IEEE Sensors ., vol. 12,
no. 11, pp. 3232-3237, Nov. 2012.

[13] S. Ampuero and ]. O. Bosset, “The electronic nose
applied to dairy products:Areview,” Sensors Actuators
B:Chem.,, vol. 94, no. 1, pp. 1-12, Aug. 2003.

[14] A. Berna, “Metal oxide sensors for electronic noses
and their application to food analysis,” Sensors, vol. 10, no.
4, pp. 3882-3910, 2010.

[15] M. M. Macias, A. G. Manso, C. J. G. Orellana, H. M. G.
Velasco, R. G. Caballero, and ]. C. P. Chamizo, “Acetic acid
detection threshold in synthetic wine samples of a

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Pages


http://www.ijsrem.com/

&gj AN 3{3

%gkm International Journal of Scientific Research in Engineering and Management (I]SREM)

w Volume: 07 Issue: 07 | July - 2023

SJIF Rating: 8.176

ISSN: 2582-3930

portable electronic nose,” Sensors, vol. 13, no. 1, pp. 208-
220, 2013.

[16] D. Yao, “A gas sensing system for indoor air quality
control and polluted environmental monitoring,” in Proc.
9th IEEE Conf.Nanotechnol. (IEEENANO), 2009, pp. 806-
811.

[17] C. Arnold, M. Harms, and ]. Goschnick, “Air quality
monitoring and fire detection with the Karlsruhe
electronic micronose KAMINA,” IEEE Sensors ]., vol. 2, no.
3, pp. 179-188, Jan. 2002.

[18] R. Jansen, ].W.Hofstee, H. Bouwmeester, and E.V.
Henten, “Automated signal processing applied to volatile-
based inspection of greenhouse crops,” Sensors, vol. 10, no.
8, pp. 7122-7133, 2010.

[19] M. Morvan, T. Talou, A. Gaset, and ]. F. Beziau,
“Electronicnose systems for control quality applications in
automotive industry,” Sensors Actuators B: Chem., vol. 69,
no. 3, pp. 384-388, Oct. 2000.

[20] J.W. Gardner, P. Bartlett, G. Dodd, and H. Shurmer,
“Pattern recognition in the warwick electronic nose,” in
Proc. 8th Int. Congr. Eur. Chemoreception Res.
Organisation, 1988, p. 9.

[21] A.-C. Romain, D. Godefroid, and ]. Nicolas, “Monitoring
the exhaust air of a compost pile with an e-nose and
comparison with GC-MS data,” Sensors Actuators B:
Chem., vol. 106, no. 1, pp. 317-324, 2005.

[22] S. Zampolli et al., “An electronic nose based on solid
state sensor arrays for low-cost indoor air quality
monitoring applications,” Sensors Actuators B: Chem., vol.
101, no. 1-2, pp. 39-46, 2004.

[23] R. E. Baby, M. Cabezas, and E. W. De Reca, “Electronic
nose: A useful tool for monitoring environmental
contamination,” Sensors Actuators B: Chem., vol. 69, no. 3,
pp- 214-218, 2000.

[24] L. Cheng, Q.-H. Meng, A. ]. Lilienthal, and P.-F. Qj,
“Development of compact electronic noses: A review,”
Meas. Sci. Technol., vol. 32, no. 6, 2021, Art. no. 062002.
[25] K.-T. Tang and R.M. Goodman, “Electronic olfaction
system on a chip,” in Proc. SCI2001/ISAS2001 Int. Conf. Inf.
Syst., Anal. Synth., 2001, vol. 15, p. 534.

[26] V. Petrescu, ]J. Pettine, D. M. Karabacak, M.
Vandecasteele, M. C. Calama, and C. Van Hoof, “Power-
efficient readout circuit for miniaturized electronic nose,”
in Proc. IEEE Int. Solid-State Circuits Conf., 2012, pp. 318-
320.

[27] K. Arshak, E. Moore, G. Lyons, ]. Harris, and S. Clifford,
“A review of gas sensors employed in electronic nose
applications,” Sensor Rev., vol. 24, no. 2, pp. 181-198,
2004.

[28] S. H. Lee et al, “20.3A4.0x3.7x1.0mm3-
MEMSCMOSintegrated ENose with embedded 4x gas
sensors, a temperature sensor and a relative humidity
sensor,” in Proc. IEEE Int. Solid-State Circuits Conf., 2020,
pp. 316-318.

[29] L. Nikolaou, H. Hallil, V. Conédéra, G. Deligeorgis, C.
Dejous, and D. Rebiere, “Inkjet-printed graphene oxide
thin layers on love wave devices for humidity and vapor
detection,” IEEE Sensors ]., vol. 16, no. 21, pp. 7620-7627,
Nov. 2016.

[30] T.-I. Chou et al, “A 1-V 2.6- mW environmental
compensated fully integrated Nose-on-a-Chip,” IEEE
Trans. Circuits Syst. II: Exp. Briefs, vol. 65, no. 10, pp. 1365-
1369, Oct. 2018.

[31] K.-T. Tang, S.-W. Chiu, M.-F. Chang, C.-C. Hsieh, and J.-
M. Shyu, “A low-power electronic nose signal-processing
chip for a portable artificial olfaction system,” IEEE Trans.
Biomed. Circuits Syst., vol. 5, no. 4, pp. 380-390, Aug. 2011.
[32] K.-T. Tang et al,, “24.5 A 0.5 v 1.27 mW nose-on-a-chip
for rapid diagnosis of ventilator-associated Pneumonia,” in
Proc. IEEE Int. Solid-State Circuits Conf. Dig. Tech. Papers,
2014, pp. 420-421.

[33] T.-1. Chou et al., “Design of a 0.5 v 1.68 mW nose-on-a-
chip for rapid screen of chronic obstructive pulmonary
disease,” in Proc. IEEE Biomed. Circuits Syst. Conf.
(BioCAS), 2016, pp. 592-595.

[34] H. Yu, ]J. Wang, H. Xiao, and M. Liu, “Quality grade
identification of green tea using the eigenvalues of PCA
based on the E-nose signals,” Sensors Actuators B: Chem,,
vol. 140, no. 2, pp. 378-382, 2009.

[35] K
Lertwattanasakul, and C. Wongchoosuk, “Evaluation of
bacterial population on chicken meats using a briefcase
electronic nose,” Biosyst. Eng., vol. 151, pp. 116-125, 2016.
[36] S. Gu, ].Wang, and Y.Wang, “Early discrimination and
growth tracking of aspergillus spp. contamination in rice

Timsorn, T. Thoopboochagorn, N.

kernels using electronic nose,” Food Chem., vol. 292, pp.
325-335, 2019.

[37] M. Al-Nsour and H. S. Abdel-Aty-Zohdy, “MOS fully
analog reinforcement neural network chip,” in Proc. IEEE
Int. Symp. Circuits Syst. (Cat. No.01CH37196), 2001, vol. 2,
pp. 237-240.

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Page6


http://www.ijsrem.com/

&gj AN 3{3

%gkm International Journal of Scientific Research in Engineering and Management (I]SREM)

w Volume: 07 Issue: 07 | July - 2023

SJIF Rating: 8.176

ISSN: 2582-3930

[38] X. Zhai, A. A. S. Ali, A. Amira, and F. Bensaali, “MLP
neural network based gas classification system on zynq
SoC,” in IEEE Access, vol. 4, pp. 8138-8146, 2016.

[39] T. Jia et al, “Mixed natural gas online recognition
device based on a neural network algorithm implemented
by a FPGA,” Sensors (Basel), vol. 19, no. 9, 2019, Art. no.
2090.

[40] F. Benrekia, M. Attari, A. Bermak, and K. Belhout,
“FPGA implementation of a neural network classifier for
gas sensor array applications,” in Proc. 6th Int. Multi-Conf.
Syst., Signals Devices, 2009, pp. 1-6.

[41] F. Benrekia, M. Attari, and M. Bouhedda, “Gas sensors
characterization and multilayer perceptron (MLP)
hardware implementation for gas identification using a
field programmable gate array (FPGA),” Sensors (Basel),
vol. 13, no. 3, pp. 2967-2985, 2013.

[42] A. Tavanaei, M. Ghodrati, S. R. Kheradpisheh, T.
Masquelier, and A. Maida, “Deep learning in spiking neural
networks,” Neural Netw., vol. 111, pp. 47-63, 2019.

[43] ]. Carter, ]. Rego, D. Schwartz, V. Bhandawat, and E.
Kim, “Learning spiking neural network models of
drosophila olfaction,” in Proc. Int. Conf. Neuromorphic
Syst., 2020, pp. 1-5.

[44] M. Beyeler, F. Stefanini, H. Proske,G.Galizia, and
E.Chicca, “Exploring olfactory sensory networks:
Simulations and hardware emulation,” in Proc. Biomed.
Circuits Syst. Conf. (BioCAS), 2010, pp. 270-273.

[45] M. Schmuker, T. Pfeil, and M. P. Nawrot, “A
neuromorphic network for generic multivariate data
classification,” Proc. Nat. Acad. Sci.,, vol. 111, no. 6, pp.
2081-2086, 2014.

[46] A. Vanarse, A. Osseiran, and A. Rassau, “An
investigation into spikebased neuromorphic approaches
for artificial olfactory systems,” Sensors, vol. 17, no. 11,
2017, Art. no. 2591.

[47] T. Pfeil et al, “Six networks on a universal
neuromorphic computing substrate,” Front. Neurosci., vol.
7,p.11,2013.

[48] K. T. Ng, F. Boussaid, and A. Bermak, “A frequency-
based signature gas identification circuit for SnO2 gas
sensors,” in Proc. I[EEE Int. Symp. Circuits Syst.: Nano-Bio
Circuit Fabrics Syst., 2010, Art. no. 2275.

[49] K. T. Ng, F. Boussaid, and A. Bermak, “A CMOS single-
chip gas recognition circuit for metal oxide gas sensor
arrays,” IEEE Trans. Circuits Syst. I: Reg. Papers, vol. 58, no.
7, pp. 1569-1580, Jul. 2011.

[50] A. Borthakur and T. A. Cleland, “A spike time-
dependent online learning algorithm derived from
biological olfaction,” Front. Neurosci., vol. 13, p. 656, 2019.
[51] N. Imam and T. A. Cleland, “Rapid online learning and
robust recall in a neuromorphic olfactory circuit,” Nature
Mach. Intell,, vol. 2, no. 3, pp. 181-191, 2020.

[52] P.-C. Huang and ]. M. Rabaey, “A bio-inspired analog
gas sensing front end,” IEEE Trans. Circuits Syst. I: Reg.
Papers, vol. 64, no. 9, pp. 2611-2623, Sep. 2017.

[53] J. Park, ]. Lee, and D. Jeon, “7.6 A 65nm
236.5n]/classification neuromorphic processor with 7.5%
energy overhead on-chip learning using direct spike-only
feedback,” in Proc. IEEEInt. Solid- State Circuits Conf.,,
2019, pp. 140-142.

[54] F. Akopyan et al., “Truenorth: Design and tool flow of
a 65 mw 1 million neuron programmable neurosynaptic
chip,” IEEE Trans. Comput.- aided Des. Integr. circuits Syst,,
vol. 34, no. 10, pp. 1537-1557, Oct. 2015.

[55] M. Davies et al., “Loihi: A neuromorphic manycore
processor with on-chip learning,” IEEE Micro, vol. 38, no.
1, pp- 82-99, Jan./Feb. 2018.

[56] S. Marco and A. Gutierrez-Galvez, “Signal and data
processing for machine olfaction and chemical sensing: A
review,” IEEE Sensors J., vol. 12, no. 11, pp. 3189-3214,
Nov. 2012.

[57] L. T. Jolliffe and ]J. Cadima, “Principal component
analysis: A review and recent developments,” Philos.
Trans. Roy. Soc. A:Math., Phys. Eng. Sci., vol. 374, 2016, Art.
no. 2065.

[58] T. L. Hayes and C. Kanan, “Lifelong machine learning
with deep streaming linear discriminant analysis,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. Workshops,
2020, pp. 220-221.

[59] D. Du, J. Wang, B. Wang, L. Zhu, and X. Hong, “Ripeness
prediction of postharvest kiwifruit using a MOS E-Nose
combined with chemometrics,” Sensors, vol. 19, no. 2, pp.
419, 20109.

[60] J. R. Quinlan, “Induction of decision trees,” Mach.
Learn,, vol. 1, no. 1, pp. 81-106, 1986.

[61] S. R. Safavian and D. Landgrebe, “A survey of decision
tree classifier methodology,” IEEE Trans. Syst, Man,
Cybern,, vol. 21, no. 3, pp. 660-674, May/Jun. 1991.

[62] V. Schroeder et al., “Chemiresistive sensor array and
machine learning classification of food,” ACS Sensors, vol.
4, no. 8, pp. 2101-2108, 2019.

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Page7


http://www.ijsrem.com/

&gj AN 3{3

%gkm International Journal of Scientific Research in Engineering and Management (I]SREM)

w Volume: 07 Issue: 07 | July - 2023

SJIF Rating: 8.176

ISSN: 2582-3930

[63] C.-C. Chang and C.-]. Lin, “LIBSVM: A library for
support vector machines,” ACM Trans. Intell. Syst. Technol.
(TIST), vol. 2, no. 3, pp. 1-27, 2011.

[64] S. Qiu and ]. Wang, “The prediction of food additives in
the fruit juice based on electronic nose with
chemometrics,” Food Chem., vol. 230, pp. 208-214, 2017.
[65] A. Ugar and R. Ozalp, “Efficient android electronic nose
design for recognition and perception of fruit odors using
kernel extreme learning machines,” Chemometrics Intell.
Lab. Syst., vol. 166, pp. 69-80, 2017.

[66] ]. Smulko, R. Ionescu, C. Granqvist, and L. Kish,
“Determination of gas mixture components using
fluctuation enhanced sensing and the LS-SVM regression
algorithm,” Metrol. Meas. Syst., vol. 22, no. 3, pp. 341-
350,2015.

[67] L.-Y. Chen, C.-C. Wu, T.-I. Chou, S.-W. Chiu, and K.-T.
Tang, “Development of a dual MOS electronic nose/camera
system for improving fruit ripeness classification,”
Sensors, vol. 18, no. 10, 2018, Art. no. 3256.

[68] Y. Shi, F. Gong, M. Wang, |. Liu, Y. Wy, and H. Men, “A
deep feature mining method of electronic nose sensor data
for identifying beer olfactory information,” ]. Food Eng.,
vol. 263, pp. 437-445, 2019.

[69] W. Jia, G. Liang, H. Tian, J. Sun, and C. Wan, “Electronic
nose-based technique for rapid detection and recognition
of moldy apples,” Sensors, vol. 19, no. 7, 2019, Art. no.
1526.

[70] S. Zhang, X. Li, M. Zong, X. Zhu, and R. Wang, “Efficient
kNN classification with different numbers of nearest
neighbors,” IEEE Trans. neural Netw. Learn. Syst., vol. 29,
no. 5, pp. 1774-1785, May 2018.

[71] W. Harsono, R. Sarno, and S. I. Sabilla, “Recognition of
original Arabica civet coffee based on odor using electronic
nose and machine learning,” in Proc. Int. Seminar
Application for Technol. Inf. Commun. (iSemantic), 2020,
pp- 333-339.

[72] E. Mirzaee-Ghaleh, A. Taheri-Garavand, F. Ayari, and ].
Lozano, “Identification of fresh-chilled and frozen-thawed
chicken meat and estimation of their shelf life using an E-
nose machine coupled fuzzy KNN,” Food Anal. Methods,
vol. 13, no. 3, pp. 678-689, 2020.

[73] X.Wu etal,, “Top 10 algorithms in data mining,” Knowl.
Inf. Syst., vol. 14, no. 1, pp. 1-37, 2008.

[74] D. R.Wijaya, R. Sarno, and A. F. Daiva, “Electronic nose
for classifying beef and pork using naiveBayes,” in Proc.

Int. Seminar Sensors, Instrum., Meas. Metrol., 2017, pp.
104-108.

[75] B. Grodniyomchai, K. Chalapat, K. Jitkajornwanich,
and S. Jaiyen, “A deep learning model for odor classification
using deep neural network,” in Proc. 5th Int. Conf. Eng,,
Appl. Sci. Technol., 2019, pp. 1-4.

[76] A.Vergara, S.Vembu,T.Ayhan, M. A. Ryan,M.L.Homer,
and R. Huerta, “Chemical gas sensor drift compensation
using classifier ensembles,” Sensors Actuators B: Chem,,
vol. 166, pp. 320-329, 2012.

[77] K.-T. Tang,Y.-S. Lin, and ].-M. Shyu, “A local weighted
nearest neighbor algorithm and aweighted and
constrained least-squaredmethod formixed odor analysis
by electronic nose systems,” Sensors, vol. 10, no. 11, pp.
10467-10483, 2010.

[78] B. C. Muiloz,G. Steinthal, and S. Sunshine, “Conductive
polymer-carbon black composites-based sensor arrays for
use in an electronic nose,” Sensor Rev., vol. 19, no. 4, pp.
300-305,1999.

[79] C. Hagleitner, D. Lange, N. Kerness, A. Hierlemann, O.
Brand, and H. Baltes, “A gas detection system on a single
CMOS chip comprising capacitive, calorimetric, andmass-
sensitive microsensors,” in Proc. IEEE Int. Solid-State
Circuits Conf.. Dig. Tech. Papers (Cat. No. 02CH37315),
2002, vol. 1, pp. 430-479.

[80]]. Covington, S. Tan, J. Gardner, A. Hamilton, T. Koickal,
and T. Pearce, “Combined smart chemFET /resistive sensor
array,” in Proc. Sensors, IEEE, 2003, vol. 2, pp. 1120-1123.
[81] K.-T. Tang and R. M. Goodman, “Towards a wearable
electronic nose chip,” in Proc. IEEE Custom Integr. Circuits
Conf,, 2006, pp. 273-276.

[82] S.-W. Chiu, H.-C.Wu, T.-1. Chou, H. Chen, and K.-T. Tang,
“A miniature electronic nose system based on an MWNT-
polymer microsensor array and a low-power signal-
processing chip,” Anal. Bioanalytical Chem., vol. 406, no.
16, pp. 3985-3994, 2014.

[83] L. Zhang and F. Tian, “Performance study of multilayer
perceptrons in a low-cost electronic nose,” IEEE Trans.
Instrum. Meas., vol. 63, no. 7, pp. 1670-1679, Jul. 2014.
[84] P. Peng, X. Zhao, X. Pan, and W. Ye, “Gas classification
using deep convolutional neural networks,” Sensors, vol.
18, no. 1, pp. 157,2018.

[85] X. Pan, H. Zhang, W. Ye, A. Bermak, and X. Zhao, “A fast
and robust gas recognition algorithm based on hybrid
convolutional and recurrent neural network,” IEEE Access,
vol. 7, pp. 100954-100963, 2019.

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Page$


http://www.ijsrem.com/

&gj AN 3{3

%gkm International Journal of Scientific Research in Engineering and Management (I]SREM)

w Volume: 07 Issue: 07 | July - 2023

SJIF Rating: 8.176

ISSN: 2582-3930

[86] Y. Wang et al., “An optimized deep convolutional
neural network for dendrobium classification based on
electronic nose,” Sensors Actuators A: Phys., vol. 307,
2020, Art. no. 111874.

[87] D. Ma, ]J. Gao, Z. Zhang, and H. Zhao, “Gas
recognitionmethod based on the deep learning model of
sensor array responsemap,” Sensors Actuators B: Chem.,
vol. 330, 2021, Art. no. 129349.

[88] H. Yu, T. Xie, S. Paszczynski, and B. M. Wilamowski,
“Advantages of radial basis function networks for dynamic
system design,” in IEEE Trans. Ind. Electron., vol. 58, no. 12,
pp- 5438-5450, Dec. 2011.

[89] W. W. Ng, D. S. Yeung, M. Firth, E. C. Tsang, and X.-Z.
Wang, “Feature selection using localized generalization
error for supervised classification problems using
RBFNN,” Pattern Recognit., vol. 41, no. 12, pp. 3706-3719,
2008.

[90] Y. Thazin, T. Pobkrut, and T. Kerdcharoen, “Prediction
of acidity levels of fresh roasted coffees using e-nose and
artificial neural network,” in Proc. 10th Int. Conf. Knowl.
Smart Technol., 2018, pp. 210-215.

[91] S. Balasubramanian, S. Panigrahi, C. Logue, H. Gu, and
M. Marchello, “Neural networks-integrated metal oxide-
based artificial olfactory system for meat spoilage
identification,” ]. Food Eng., vol. 91, no. 1, pp. 91-98, 2009.
[92] A. Diamond, M. Schmuker, A. Berna, S. Trowell, and T.
Nowotny, “Classifying continuous, real-time e-nose sensor
data using a bio-inspired spiking networkmodelled on the
insect olfactory system,” Bioinspiration Biomimetics, vol.
11, no. 2, 2016, Art. no. 026002.

[93] C.-C. Wu, S.-W. Chiu, and K.-T. Tang, “An electronic
nose system for rapid detection of ketamine smoke,” IEEE
Sensors Lett,, vol. 3, no. 8, 2019, Art. no. 6001604.

[94] J. Gu et al,, “Recent advances in convolutional neural
networks,” Pattern Recognit., vol. 77, pp. 354-377, 2018.
[95] W. Maass, “Networks of spiking neurons: The third
generation of neural network models,” Neural Netw., vol.
10, no. 9, pp. 1659-1671, 1997.

[96] ]. L. Lobo, ]. Del Ser, A. Bifet, and N. Kasabov, “Spiking
neural networks and online learning: An overview and
perspectives,” Neural Netw., vol. 121, pp. 88-100, 2020.
[97] C. Keysers and D. I. Perrett, “Demystifying social
cognition: A hebbian perspective,” Trends Cogn. Sci., vol. 8,
no. 11, pp. 501-507, 2004.

[98] ]. Sjostrom andW. Gerstner, “Spike-timing dependent
plasticity,” Spiketiming dependent Plast., vol. 5, no. 2, Art.
no. 1362, 2010.

[99] H. Paugam-Moisy and S. Bohte, “Computing with
spiking neuron networks,” in Handbook of Natural
Computing, G. Rozenberg, T. Back, and ]. N. Kok, eds. Berlin,
Heidelberg: Springer, 2012, pp. 335-376.

[100] K. Narusuye, F. Kawai, and E.-. Miyachi, “Spike
encoding of olfactory receptor cells,” Neurosci. Res., vol.
46, no. 4, pp. 407-413, 2003.

[101] C. Di Natale, “An investigation on the role of spike
latency in an artificial olfactory system,” Front.
Neuroengineering, vol. 4, p. 16, 2011.

[102] M. Schmuker and G. Schneider, “Processing and
classification of chemical data inspired by insect olfaction,”
Proc. Nat. Acad. Sci., vol. 104, no. 51, pp. 20285-20289,
2007.

[103] N. K. Kasabov, “Deep learning of multisensory
streaming data for predictive modelling with applications
in finance, ecology, transport and environment,” in Time-
Space, Spiking Neural Networks and Brain-Inspired
Artificial Intelligence, N. K. Kasabov, ed. Berlin, Heidelberg:
Springer, 2019, pp. 619-658.

[104] A. Diamond, M. Schmuker, and T. Nowotny, “An
unsupervised neuromorphic clustering algorithm,” Biol.
Cybern,, vol. 113, no. 4, pp. 423-437, 2019.

[105]]. Al Yamani, F. Boussaid, A. Bermak, and D. Martinez,
“Glomerular latency coding in artificial olfaction,” Front.
Neuroengineering, vol. 4, p. 18, 2012.

[106] S. T. Sarkar et al., “Towards biological plausibility of
electronic noses: A spiking neural network based
approach for tea odour classification,” Neural Netw., vol.
71, pp. 142-149, 2015.

[107] D. Briiderle, E. Miiller, A. P. Davison, E. Muller, J.
Schemmel, and K. Meier, “Establishing a novel modeling
tool: A python-based interface for a neuromorphic
hardware system,” Front. Neuroinform., vol. 3, p. 17, 2009.
[108] Y.-Q. Jing, Q.-H. Meng, P.-F. Qi, M.-L. Cao, M. Zeng, and
S.-G.Ma, “A bioinspired neural network for data processing
in an electronic nose,” IEEE Trans. Instrum. Meas., vol. 65,
no. 10, pp. 2369-2380, 2016.

[109] Y.-].Liu, Q.-H. Meng, P.-F.Qi, B. Sun, and X.-S. Zhu,
“Using spike-based bio-inspired olfactory model for data
processing in electronic noses,” IEEE Sensors J., vol. 18, no.
2, pp- 692-702, Jan. 2018.

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Page9


http://www.ijsrem.com/

ng‘; AN 33‘%

%gkm International Journal of Scientific Research in Engineering and Management (I]SREM)

w Volume: 07 Issue: 07 | July - 2023

SJIF Rating: 8.176

ISSN: 2582-3930

[110] F. Zenke and S. Ganguli, “Superspike: Supervised
learning in multilayer spiking neural networks,” Neural
Computation, vol. 30, no. 6, pp. 1514-1541, 2018.

[111] P. U. Diehl, D. Neil, J. Binas, M. Cook, S. -C. Liu, and M.
Pfeiffer, “Fast-classifying, high-accuracy spiking deep
networks through weight and threshold balancing,” in
Proc. Int. Joint Conf. Neural Netw., 2015, pp. 1-8.

[112] A. Montero, R. Huerta, and F. B. Rodriguez, “Stimulus
space complexity determines the ratio of specialist and
generalist neurons during pattern recognition,” J. Franklin
Inst., vol. 355, no. 5, pp. 2951-2977, 2018.

[113] A. Vanarse, A. Osseiran, A. Rassau, and P. van der
Made, “A hardware-deployable neuromorphic solution for
encoding and classification of electronic nose data,”
Sensors, vol. 19, no. 22, 2019, Art. no. 4831.

[114] N. K. Kasabov, “NeuCube: A spiking neural network
architecture for mapping, learning and understanding of
spatio-temporal brain data,” Neural Netw., vol. 52, pp. 62-
76,2014.

[115] A. Vanarse, J. I. Espinosa-Ramos, A. Osseiran, A.
Rassau, and N. Kasabov, “Application of a brain-inspired
spiking neural network architecture to odor data
classification,” Sensors, vol. 20, no. 10, 2020, Art. no. 2756.
[116] D. Goodman and R. Brette, “Brian: A simulator for
spiking neural networks in python,” Front. Neuroinform.,,
vol. 2, p. 5, 2008.

[117] N. Imam et al,, “Implementation of olfactory bulb
glomerular-layer computations in a digital neurosynaptic
core,” Front. Neurosci., vol. 6, p. 83, 2012.

[118] R. A. Fisher, “The use of multiple measurements in
taxonomic problems,” Ann. Eugenics, vol. 7, no. 2, pp. 179-
188, 1936.

[119] T. Nowotny, A. Z. Berna, R. Binions, and S. Trowell,
“Optimal feature selection for classifying a large set of
chemicals using metal oxide sensors,” Sensors Actuators B:
Chem., vol. 187, pp. 471-480, 2013.

[120] 1. Rodriguez-Lujan, ]J. Fonollosa, A. Vergara, M.
Homer, and R. Huerta, “On the calibration of sensor arrays
for pattern recognition using theminimal number of
experiments,” Chemometrics Intell. Lab. Syst., vol. 130, pp.
123-134, 2014.

[121] CSIRO, A. Berna and T. Stephen, Electronic Nose
(Fox) Recording of 20 Chemicals. Canberra, Australia:
CSIRO Data Collection, 2015.

[122] A. Vergara and ]. Fonollosa, ].Mahiques, M.
Trincavelli, N. Rulkov, and R. Huerta, “On the performance

of gas sensor arrays in open sampling systems using
inhibitory support vector machines,” Sens. Actuators B:
Chem., vol. 185, pp. 462-277, 2013.

[123] T.]. Koickal, A. Hamilton, T. C. Pearce, S.-L. Tan, J. A.
Covington, and J. W. Gardner, “Analog VLSI design of an
adaptive neuromorphic chip for olfactory systems,” in
Proc. IEEE Int. Symp. Circuits Syst., 2006, pp. 4547-4550.
[124] H. S. Abdel-Aty-Zohdy, ]J. N. Allen, and R. L. Ewing,
“Spiking neural network e-nose classifier chip,” in Proc.
IEEE Nat. Aerosp. Electron. Conf,, 2010, pp. 374-378.
[125] H.-Y. Hsieh and K.-T. Tang, “VLSI implementation of
a bio-inspired olfactory spiking neural network,” IEEE
Trans. neural Netw. Learn. Syst,, vol. 23, no. 7, pp. 1065-
1073, 2012.

[126] H.-Y. Hsieh, P.-Y. Li, and K.-T. Tang, “An analog
probabilistic spiking neural network with on-chip
learning,” in Proc. Int. Conf. Neural Inf. Process., 2017,
Springer, pp. 777-785.

[127] H.-Y. Hsieh and K.-T. Tang, “A spiking neural network
chip for odor data classification,” in Proc. IEEE Asia Pacific
Conf. Circuits Syst., 2012, IEEE, pp. 88-91.

[128] G. L. Parisi et al., “Continual lifelong learning with
neural networks: A review,” Neural Netw., vol. 113, pp. 54-
71, 2019.

[129] L. Zhang and D. Zhang, “Domain adaptation extreme
learning machines for drift compensation in E-Nose
systems,” in IEEE Trans. Instrum. Meas,, vol. 64, no. 7, pp.
1790-1801, Jul. 2015.

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/I]SREM24791 |  Page 10


http://www.ijsrem.com/

