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Electrical Conductivity Modeling of SiO2/CuBr Composite Sensitive Layer for
Ammonia Gas Sensor Application

Caroline Lambert-Mauriat , Princesse N’Nang M’Boukou, Lisa Weber, Virginie Martini, Marc Bendahan
Aix Marseille Univ, Université de Toulon, CNRS, IM2NP

Marseille, France
e-mail: {caroline.mauriat|virginie.martini|marc.bendahan}@im2np.fr

e-mail: nnangmboukou@yahoo.com
e-mail: lisarm.weber@gmail.com

Abstract—Skin-perspired ammonia (NH3) could be used for
non-invasive medical monitoring of patients suffering from chronic
kidney disease. Copper-bromide (CuBr) based sensors are known
to be very selective to ammonia at room-temperature, making
them specially adapted for such applications. However, their
sensitivity remains insufficient and requires further improvement,
as around 100 ppb of NH3 must be detected. In a previous work,
this limitation is addressed by employing a sensing layer based
on a mesoporous SiO2 matrix impregnated with a CuBr solution.
To better understand the mechanisms involved in electrical
conductivity of this layer, a numerical model is introduced here.
Based on random unit conductivity lattice, the model considers
both porosity and disorder. Total conductivity is deduced from the
calculation of electrical potential at each node of the conductivity
lattice. Numerical results show that 18% of impregnated CuBr
is required to observe an increase in total conductivity. This
concentration is consistent with the value of 13% experimentally
observed, and for which the sensor performance is optimal.

Keywords-Sensors; Simulation; Modeling.

I. INTRODUCTION

Non-invasive devices that enable continuous medical moni-
toring offer numerous benefits to patients, such as a reduced risk
of infection, data storage, and ability to perform examinations
at home. As an alternative to urine and blood tests, detection
of skin-emitted ammonia on patients suffering from chronic
kidney disease is chosen. Indeed, previous studies showed that
ammonia rate in blood is linked with transdermal ammonia
concentration [1][2].

Most NH3 microsensors are based on metal oxides such
as SnO2 or WO3. While these materials are widely used,
metal-oxide-based sensors generally require high operating
temperatures in the range of 200 − 450◦C and exhibit poor
selectivity due to their sensitivity to a broad variety of interfer-
ing gases. An alternative strategy for improving microsensor
selectivity relies on molecular recognition, which is based on
specific interactions between the target gas and highly mobile
species in solids, especially mobile ions in ionic or mixed
conductors. In this sense, previous studies showed that CuBr is
a promising candidate. Indeed, upon exposure to ammonia, Cu+

ions migrate toward the surface, where they form [Cu(NH3)2]+

complexes. This ionic redistribution induces an accumulation
of copper vacancies at the surface and a depletion of interstitial
Cu+ ions, resulting in a widening of the depletion layer and
a decrease in the overall electrical conductivity [3][4]. In

addition to this high selectivity, CuBr-based sensors exhibit high
sensitivity toward ammonia and operate at room temperature,
which is crucial for sensors intended for skin contact. Then, in
this work, CuBr is chosen for NH3 detection, as transdermal
ammonia concentrations are estimated around 100 ppb [5]. The
sensitive layer of the sensors developed in a previous work [6] is
made of small CuBr nanocrystals, obtained by impregnating the
ionic conductor within a mesoporous silica matrix synthesized
by a sol–gel process. The regular repartition of CuBr within
the pores and the large specific surface area of the mesoporous
network promotes high sensitivity as well as fast response and
recovery kinetics. Gas sensing measurements in the presence of
very low concentrations of NH3 (100− 500 ppb) demonstrated
that the sensor combines high sensitivity with strong selectivity,
thereby supporting the validity of the approach.

For better understanding, effect of the porosity on total
conductivity is studied in this work by introducing a numerical
model, which considers both the morphology of the layer (size
of CuBr particles and pores, composition) and the different
constitutive conductivities, as silica is an insulator and CuBr a
mixed conductor.

The organization of the paper is the following. The numerical
model is introduced in Section II. Then, results are presented
and discussed in Section III. Finally, the paper concludes with
Section IV.

II. NUMERICAL MODEL AND METHODS

A two-step approach is used in this study. First, the sensitive
layer is modeled by considering its structural properties
(porosity, composition, grain size). Secondly, a conductance
lattice whose total conductivity is calculated by classical
method is build.

A. Mesoporous Layer Modeling

Sensor realization, along with the morphological and elec-
trical characterization of the sensitive layer, has been detailed
in our previous work [6]. Structural analysis revealed that the
mesoporous SiO2 layer exhibits a disordered, worm-like porous
network with a porosity of 56% (Figure 1). Impregnation of
the mesopores by CuBr is clearly visible (CuBr appears light
grey).

1Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0
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Figure 1. SEM images of the mesoporous SiO2 film: before (a) and after (b)
impregnation with CuBr, from [6].

Moreover, the mapping obtained by Energy-Dispersive X-ray
(EDX) spectroscopy shows a homogeneous dispersion of CuBr
throughout the thickness of the layer (Figure 2).

Figure 2. EDX mapping of the CuBr-impregnated SiO2 mesoporous layer:
distribution of the K line, for Br (b), Si (c) and Cu (d) atoms, in the area

outlined in red on the image obtained by STEM (a), from [6].

Based on these observations, the sensitive layer is modeled
by a simple cubic lattice. Each lattice site is the center of a unit
cube corresponding either to CuBr crystal or to SiO2 crystal.
Then, sites are randomly occupied by CuBr (with a probability
p) or by SiO2 (with a probability q = 1− p) (Figure 3-a). This
lattice is converted to a cubic array of conductance by adopting
the following rules: if two nearby sites are occupied by CuBr,
the bond that connects them has a conductance gCuBr; if they
are occupied by SiO2, the corresponding bond takes the value
gSiO2 ; finally, if the two sites are occupied one by CuBr and
the other by SiO2, the conductance of the bond is an interface
conductance noted gint (Figure 3-b).

Porosity is introduced by removing 60% of the lattice
sites consisting solely of SiO2. Then, the unoccupied sites
are randomly filled by CuBr in the concentration range of
0 to 100%. Thus, the CuBr filling in the overall volume,

i.e., SiO2 plus pores, varies from 0 to 60%. When at least
one site is unoccupied, the corresponding bond is set to gpor.
Figure 3 illustrates this approach for a two-dimensional lattice
without porosity, which is easier to represent. However, its
generalization to three dimensions is very simple.

Figure 3. Two-dimensional representation of the conductance array (b)
derived from the site lattice (a): the thick lines connect two sites occupied by
SiO2 (black sites); the thin lines connect two sites occupied by CuBr (white
sites) ; finally, the double lines connect sites occupied by both. Vi,j is the

potential at the node (i, j) from which the two conductances, g1i,j and
g2i,j , are defined.

The choice of conductivity values is based on our knowledge
of the various components of the sensitive layer. Copper
bromide (CuBr) is a mixed conductor whose conductivity
is highly dependent on the processing conditions and the
temperature at which the measurement is carried out. Indeed,
β-CuBr phase has an ionic conductivity greater than 1 S/cm,
whereas the γ-CuBr phase presents a smaller value of ionic
conductivity, the transition temperature being around 380 ◦C [7].
Then, the conductivity of CuBr layers deposited by radio
frequency magnetron sputtering from compacted powder target
is σ ≈ 5.10−7 S/cm at T = 25◦C [8]. At the same temperature,
grain conductivity measured by impedance spectroscopy on
poly-crystallin CuBr is σ ≈ 3.10−5 S/cm [7]. On the other hand,
SiO2 is an insulator whose conductivity is between 10−16 and
10−12 S/cm (crystal) and less than 10−18 S/cm (amorphous).

Thus, the ratio of conductances being between 10−5 and
10−13, simulations are carried out with gCuBr = 1 and
gSiO2

= 10−9.

It is more difficult to determine the interface conductivity,
gint, which is unknown and not estimated by experiments.
However, previous work on CuBr/TiO2 composite showed that
conductivity is increased at the CuBr-TiO2 interfaces [9]. By
considering that CuBr-TiO2 composites are like CuBr-SiO2

ones, the arbitrary value gint = 10 is used. Finally, the porosity
bond is set to gpor = 10−12, corresponding to an insulator.

Moreover, to minimize size effects, periodic boundary
conditions are applied: the bonds of the two terminal planes
are copied, such as the plane at abscissa 0 is equal to the plane
at abscissa L, and that for the two directions perpendicular to
the electrode planes.

2Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0
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B. Total Conductivity Calculation

Kirchoff’s law says that the sum of currents is null at each
node. The total dissipated power is given by:

PT =
∑
i,j

g1i,j(Vi,j − Vi+1,j)
2 + g2i,j(Vi,j − Vi,j+1)

2, (1)

where Vi,j is the potential at the node (i, j) and g1i,j , g2i,j are
conductances between (i, j) and (i+ 1, j) sites, and between
(i, j) and (i, j + 1) sites, respectively (Fig. 3-b). Otherwise,
the dissipated power is:

PT = GT∆U, (2)

where ∆U is the electrical potential difference applied to
the conductance lattice (Fig. 3-b). If ∆U = 1V, the total
conductance is numerically equal to total power.

Therefore, the problem can be reduced to the calculation
of the potentials Vi,j at each site, using an exact or an
approximated method. Because of the disorder and the relatively
large size of the considered systems, the choice of approximated
method is done here.

By applying Kirchhoff’s law, the potential at each node
is expressed as a function of the conductance of the links
connecting it to neighboring nodes as follows:

Vi,j =
g1i,jVi+1,j+g1i−1,jVi−1,j+g2i,jVi,j+1+g2i,j−1Vi,j−1

g1i,j+g2i,j+g1i−1,j+g2i,j−1
(3)

The over-relaxation method is used to determine these
potentials when the system is at equilibrium. This method
consists of iteratively calculating the potentials until constant
values are obtained. At first iteration, V 0

i,j potentials are set to
0, then at the n+ 1 iteration, the potential at node (i, j) is:

V n+1
i,j = ωṼi,j + (1− ω)V n

i,j , (4)

where the potential Ṽi,j is obtained by substituting the potential
V n
i,j in (3). The value of the relaxation parameter ω plays a

major role in the convergence speed of the algorithm [10].
Among its properties, it is worth noting that it must be between
1 and 2 and that there is an optimal value for which the number
of iterations is minimal:

ωopt =
2

1 +
√
1− ρ2Jacobi

(5)

In these simulations, Jacobi’s spectral radius, ρJacobi, is
equal to cos(π/L), where L is the size of the lattice.

III. RESULTS AND DISCUSSION

To determine the optimal lattice size, in terms of balance
between accuracy and computing time, the total conductivity
is calculated as a function of volume fraction of CuBr without
considering porosity. The results obtained for L = 10, 15, 20
and 25 are plotted in Figure 4. Only one configuration is
considered for each volume fraction of CuBr. Beyond L = 20,
the curves converge and present a bell-shape with a maximum
around 0.6 volume fraction of CuBr, which agrees with previous

works on composite systems like Au-YBCO [11] or CuBr-
TiO2 [9]. From these results, L = 25 is kept in the following
calculations.

Figure 4. Variation of the total conductivity as a function of the volume
fraction of CuBr. Results obtained for L = 10 (dashed line), L = 15 (small
dots), L = 20 (thick line) and L = 25 (thin line). Interface conductance is

gint = 10.

When 60% of porosity is introduced, and gradually filled
by CuBr, the total conductivity begins to increase around 0.18
volume fraction of CuBr (Figure 5). This value corresponds

Figure 5. Variation of the total conductivity as a function of the volume
fraction of CuBr into a sample made of SiO2 with a random porosity of 60%.

to the percolation threshold, pc, which is the volume fraction

3Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

ALLSENSORS 2026 : The Eleventh International Conference on Advances in Sensors, Actuators, Metering and Sensing

                            11 / 50



of CuBr at which infinite cluster appears. For simple cubic
lattice, such as considered in this work, pc = 0.247 in the
case of bond percolation, and pc = 0.307 in the case of site
percolation, considering geometric arrangement of two types
of bonds or sites. The system considered here is different as it
involves 3 types of bonds. Notice that the conductivity value
for 0.6 volume fraction of CuBr, around 3.25, corresponds
to the maximum of the curve obtained without considering
porosity.

Good agreement is observed when comparing the variation
of sensor resistance (Figure 6) and the calculated resistance in
the same range of CuBr filling (Figure 7).

Figure 6. Effect of CuBr filling on the sensor resistance and the sensor
response to 1 ppm NH3, from [6].

Indeed, not only the general trend is recovered, but also the
order of magnitude: three decades in resistance sensor as CuBr
filling varies from 5% to 15%.

Figure 7. Total calculated resistance in the range 0 to 25% of CuBr filling.

IV. CONCLUSION AND FUTURE WORK

In this paper, we developed a numerical model to study
the electrical conductivity of SiO2-sensitive mesoporous layers
impregnated with CuBr for ammonia gas sensor applications.
The approach consisted of modeling the disordered porous
structure by a random conductance network, considering both
the porosity and the different conductivities of CuBr, SiO2

and their interfaces. The total conductivity was then calculated
using an over-relaxation method applied to the conductance
network. Calculation shows that less than 18% of CuBr in
the total volume is enough to obtain a conducting path in the
insulator SiO2 mesoporous matrix. This value agrees with the
experiment in which higher sensor performances are reached
for a sensitive layer composed of 13% CuBr, 44% SiO2 and
43% of remaining porosity. The worm-like structure being well
modeled by random porosity, it seems unnecessary to build a
numerical sample with worm-like porosity. However, additional
measurements, such as impedance spectroscopy coupled with
calculations for other values of gint would be useful to better
characterize the interfaces.
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Abstract—This article presents an overview of recent advances 

in sensors and data collection applied to monitoring 

agricultural ecosystems. It first describes a range of innovative 

sensors currently under development, at both microscopic and 

macroscopic scales. Next, it highlights recent approaches to 

collecting data from these sensors in the field, via wireless and 

satellite communications and data collectors mounted on 

autonomous vehicles. An example of data collection by drone is 

presented in this regard. Finally, several future research 

directions concerning the Internet of Things applied to 

agroecology are discussed, with a focus on energy consumption 

and life cycle. Knowledge of these advances invites us to 

consider new perspectives in agroecology, but also to reflect on 

the means and policies that could support farmers to adopt 

these new technologies on a large scale. 

Keywords-Internet of Things; Sensors; Wireless 

communications; Agricultural ecosystems. 

I.  INTRODUCTION 

Faced with climatic, environmental and demographic 
challenges, one of the objectives of agroecology - which is a 
multi-scale and holistic concept (from the plant to the food 
distribution) - is to develop agricultural ecosystems leading 
to the preservation of natural resources while generating 
efficient crop production and positive socio-economic 
outcomes [1]. To this end, emphasis is placed on 
significantly reducing the use of chemical inputs by creating 
conditions conducive to the development of biological 
diversity and soil fertility. This is achieved through crop 
diversification and landscape modification as illustrated in 
Fig. 1. In fact, the spatial and temporal diversification of 
crops improves agronomic sustainability by limiting pest 
infestations, reducing disease pressure, mitigating soil 
degradation and strengthening the overall resilience to 
climatic variability [2]. Furthermore, rotating crops improves 
soil fertility and structure, reduces pesticide use by 
disrupting pest cycles, and contributes to increase 
biodiversity. These agroecological practices can moreover 
generate more stable agricultural yields and higher incomes 
than conventional agriculture [3].  

However, the adoption of such agricultural practices 
remains uncommon on a large scale due to the difficulty of 
managing highly diversified crops by the farmer. These 
ecosystems require in fact specific and close monitoring of 
soil health, plant growth and biodiversity - at both 
macroscopic and microscopic scales - in order to optimize 
crop production and detect anomalies early [4]. The Internet 

of Things has thus a crucial role to play in this regard by 
designing appropriate sensors and developing relevant data 
collection strategies [5]. As illustrated in Fig. 2, the ultimate 
goal is to create a reactive closed-loop process: 
environmental and biological data are collected remotely in 
the field, then shared in the cloud and combined with human 
expertise and history of previous agricultural operations to 
feed databases, models, scenarios and decision-making 
algorithms. This feedback process aims to improve the 
biological interactions and crop production over time, while 
being able to rapidly adapt to perturbations and varying 
environmental conditions. 

However, remotely collecting a wide range of data on 
several crops at high spatial resolution - in near real-time and 
at both microscopic and macroscopic scales - poses many 
challenges. On the one hand, the design of sensors able to 
measure the state of living soil, the presence of species and 
the plant health is challenging. On the other hand, the high 
variability inherent to the spatial distribution of plants 
requires deploying a significant number of sensors with a 
high spatial resolution [6]. This creates new challenges, 
especially in terms of sensor distribution and data collection 
strategies. These challenges are in addition to the problems 
of energy consumption, environmental footprint, 
connectivity in areas without communication facilities and 
frugality of sensing infrastructures [7]. Recent advances in 
sensor development, satellite communications, ground and 
air robotic systems, as well as in edge computing and 
embedded artificial intelligence, are however opening up 
new opportunities for meeting these challenges.  

   

 
Figure 2. Closed-loop process to adapt farming actions accordingly. 

   
(a) (b) (c) 

Figure 1. Examples of spatial arrangements fostering biological 
interactions: (a) Strip intercropping, (b) Pixel cropping, (c) Permaculture. 
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This article presents an overview of recent advances in 
sensor design and data collection applied to the monitoring 
of agricultural ecosystems. It is organized as follows. Section 
II presents a set of innovative sensors currently under 
development at both microscopic and macroscopic scales. 
Section III reviews recent approaches to conducting remote 
data collection in the field, with an emphasis on energy 
consumption issues. Section IV illustrates a process of data 
collection using drones. Finally, Section V presents the 
conclusion and discusses future research directions. 

II. SENSORS FOR MONITORING AGRICULTURAL 

ECOSYSTEMS 

Agricultural ecosystems are living systems that are 
particularly complex to monitor and understand. In order to 
optimally and sustainably manage the crop production, 
remote sensing of environmental and biological data is of 
increasing importance. As illustrated in Fig. 3, this data 
concerns the soil, the plants, the biodiversity (below and 
above ground), the climate (global and at the plant level) and 
the human operations. To collect this data, sensors are the 
first step in the chain of the Internet of Things. Some are 
specifically designed to observe the state of living soil and 
assess the presence of species, others enable to monitor crop 
growth and plant physiology, whether it be at the 
microscopic or macroscopic scale. In this Section, we present 
an overview of particularly innovative sensors currently 
under development (indicated in red in Fig. 3) in this regard. 

A. Measurements at macroscopic scale  

1) Soil monitoring: The soil provides the structural 
support, water, and nutrients necessary for plant growth. It 
is a living ecosystem containing microorganisms, insects 
and plant roots. Regularly monitoring the soil health is 
essential for maintaining a sustainable production [8]. 
Although the metrics are not well established to quantify the 
soil health [9], some indicators, grouped into biological, 
physical, chemical, and functional dimensions of soil 
functioning, are  reported in the literature [10].  
  

 
Figure 3. Main data to be monitored in agricultural ecosystems. The text 
in red indicates recent sensors under development presented in this paper. 

The current solutions to assess these indicators remain 
however limited to a few localized and macroscopic 
measurements obtained from in situ sensors. The main data 
monitored within an agricultural ecosystem include soil 
moisture, temperature, pH, nutrient levels, and electrical 
conductivity [11]. These measurements are collected using 
probes buried in in the root zone and radio antennas are 
positioned on the surface to transmit the measurements. 
Alternatively, three other innovative approaches are 
currently being investigated to collect soil data at high 
spatial resolution, based respectively on fully buried sensor 
nodes, biodegradable sensors and sample collection from 
ground robots and drones. 

  

Fully buried sensor nodes. The development of the 
concepts of Internet of Underground Things (IoUT) and 
Wireless Underground Sensor Networks (WUSNs) is a 
recent paradigm aiming to completely bury the sensor 
nodes, including the radio components [12]. The main 
advantage lies in the possibility of positioning them 
anywhere, including in the path of agricultural vehicles, and 
therefore of easily multiply them in a field. They are 
moreover protected against the damages generally suffered 
by surface radio antennas (e.g., damages due to agricultural 
implements, weathering, theft). However, as the propagation 
of the electromagnetic waves is much more attenuated in the 
soil than in the air, about 20 to 300 times worse [13], several 
scientific and technological challenges remain to overcome, 
whether it be in terms of communication ranges (usually 
only a few tens of meters), data collection and energy 
consumption. The use of drones is a relevant way to collect 
data of buried communicating sensor nodes [14]. 

  

Field-deployable biodegradable sensors. The 
development of biodegradable sensors is another innovative 
strategy. For example, Gopalakrishnan et al. [15] have 
designed miniature chipless sensors (2 cm2) to monitor the 
soil Volumetric Water Content (VWC) during seed 
germination. The sensors are based on miniaturized resonant 
antennas, constructed from biodegradable materials and 
compatible with radio frequencies. The resonant frequency 
of the antenna varies with the soil volumetric water content. 
The objective is to design sensors able to operate a crop 
season before being slowly degraded. To collect the 
measurement, a drone carrying a reader module is used at 
low flying height (40 cm) to send the interrogation signal 
and read the reflected signal from the sensor tag. The results 
demonstrated the capability to measure the VWC within the 
range of 3.7-23.5%. The final goal is to deploy these sensors 
at a large spatial scale at 5 cm deep by using a seed drill. 
Unfortunately, the measurements cannot be stored inside the 
sensors and depend therefore on the time of drone's passage.  
  

Soil sample collection from robotic vehicles. Performing 
regular soil sample collections remains, however, the 
primary method for accurately assessing soil health. This 
task is, however, time-consuming and does not allow for 
real-time data. Robots are currently increasingly being 
studied for collecting soil samples or for moving a probe to 
different depths in the field [16]. Moreover, as ground 
robots may have difficulty accessing crops, an alternative is 
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to use drones carrying soil sampling tools. For example, 
Klopfenstein et al. [17] used a rotary-wing drone to collect 
soil samples of a few dozen grams in agricultural fields. The 
difficulties, however, lie in the need to apply significant 
loads to the ground to collect samples, and develop 
lightweight tools adapted to the maximal drone's payload. 

  

2) Plant monitoring: Regularly monitoring the plant 
health and growth is essential in agriculture, not only to 
improve crop production but also to understand how some 
plant varieties acclimate to abiotic and biotic stresses (e.g., 
climate change, diseases). At the macroscopic level, the 
monitoring of crops (e.g., yields, diseases, pests, weeds) are 
commonly carried out through visual observations from 
satellite images, field sensors or cameras embedded on 
drones or ground robots [18]. However, more and more 
approaches are studying the development of other methods 
to detect diseases and pest infestation early.  

  

Electronic noses for plant disease and pest detection. In 
fact, with global warming and climate change, invasive 
pests and pathogens are rapidly extending their territory to 
new geographic areas and can impact the overall ecological 
balance of agricultural ecosystems. This proliferation of 
insects, bacteria, viruses and fungi may have a significant 
impact on agricultural yields and on biodiversity. The early 
detection is therefore essential. To this end, electronic noses 
are particularly promising to detect volatile organic 
compounds emitted by infected plants [19]. In recent years, 
research has intensified in this area with ultrasensitive 
electronic noses and  recognition algorithms based on 
artificial intelligence to identify infestation patterns [20]. 
The simultaneous presence of multiple diseases complicate 
however the identification processes, and variability of 
environmental conditions (e.g., temperature, humidity, 
wind) may impact the olfactory measurements. For 
example, Huttnerova et al. [21] demonstrated the possibility 
of measuring the presence of a substance that identifies bark 
beetle infestations in forests using ground-based 
measurements. The electronic nose was then mounted on a 
drone to fly over the canopy. Despite the installation of a 
one-meter sampling tube positioned at the front of the drone 
to minimize the influence of air movements on the 
electronic nose, the detection of the substance proved 
unsuccessful. The hypotheses put forward were a lower 
concentration of the substance above the canopy and 
stronger winds above trees. 

  

3) Biodiversity monitoring: Biodiversity, both 
aboveground (e.g., birds, insects, animals, plants) and 
underground (e.g., insects, earthworms, microorganisms), is 
a major indicator representative of the good health of an 
ecosystem. In fact, the diversity represents a key element for 
capacity of pollination, nutrient cycling, pest control, and 
water filtration. Higher functional and taxonomic diversity 
enhances agroecosystem resilience, productivity and long-
term stability [22]. In particular, insect monitoring is 
essential in agroecology as these organisms play critical 
functional roles, including pollination, pest control through 
natural predation and nutrient cycling.  For example, 70% of 
global food crops depend on insect pollination, making 

accurate assessment of pollinator populations a priority for 
sustainable agriculture. However, traditional monitoring 
methods, such as pan traps, sweep netting, and visual 
surveys are labor-intensive, provide limited temporal 
coverage and often only snapshot data that fail to capture 
the dynamic nature of insect populations [23]. Recent 
advances in acoustic technologies propose promising 
alternatives for continuous  insect monitoring.  

  

Acoustic sensors for insect monitoring.  Continuous insect 
monitoring is essential in agroecology to provide the 
information necessary to assess biodiversity status, evaluate 
habitat quality, and implement targeted interventions. To 
this end, the development of acoustic sensors aims to detect 
and classify flying insects based on their wingbeat 
frequencies and buzzing patterns. The sensors can operate 
autonomously for extended periods, collecting data at fine 
temporal scales that enable detailed analysis of daily activity 
patterns and seasonal population dynamics [24]. 
Additionally, acoustic detection methods have proven 
effective for identifying hidden insect infestations where 
visual inspection is impractical (e.g., in soil) [25]. The 
integration of machine learning algorithms with acoustic 
data facilitates automated species identification and number 
estimation, addressing the critical challenge of processing 
large volumes of monitoring data. 

 
B. Measurements at microscopic scale 

The design of sensors able to measure the health of 
ecosystems at microscopic scale is a relatively recent 
research axis. Some bioelectronic sensors, implantable or 
attached on plant leaves or stems, are beginning to be studied 
to collect various information (e.g., ambient humidity, 
transpiration, light intensity, leaf elongation) and evaluate 
the plant ability to cope with various abiotic and biotic 
stresses. At the time being, these studies are limited to 
controlled environments (e.g., laboratories, greenhouses) but 
the ambition is to design wearable sensors able to operate on 
plants growing in their natural environment. 

  

Wearable microsensors on plants. The development of 
wearable microsensors on plants aim to complement the 
macroscopic approaches [26]. These sensors must be 
sufficiently flexible and lightweight to minimize their impact 
on plant growth. For example, Nassar et al. [27] developed a 
wearable sensor measuring plant growth using stretchable 
strain sensors attached to the leaf surface. These strain 
sensors are capable of measuring the elongation of the leaves 
at the micrometer scale. They transmit the data via Bluetooth 
transceivers. Similarly, Zhao et al. [28] developed a 
multifunctional and stretchable sensor attached to the leaves. 
This sensor measures variables, such as leaf elongation rates, 
degree of stomata opening, as well as water content and 
temperature. The challenge to be met in outdoor conditions is 
that rain, wind, humidity variations, temperature and light 
intensity can affect the measurements requiring further 
research in this regard. 
  

Optic fiber and cameras for measuring root growth. 
Lastly, fiber optic and visual sensing has been studied to 
accurately measure the root development of plants.  With an 
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optic fiber arranged in a spiral, Tei at al. [29] managed to 
measure the penetration of root in the soil. Another approach 
involves installing a camera inside a transparent tube buried 
in the ground to measure root growth [30].  
  

Acoustic sensors for underground invertebrate 
monitoring. In an original way, a few studies aimed to 
assess underground invertebrate activity and root growth 
from acoustic sensors. Lacoste et al. [31] for example used 
highly sensitive piezoelectric sensors to measure acoustic 
emissions due to the growth of maize roots and the creation 
of burrows by earthworms. One aim is to monitor earthworm 
activity periods and adapt the farming practices accordingly 
to mitigate the impact on the active fauna. Further research is 
conducted to study the presence of other invertebrates having 
specific frequency ranges. 

III. REMOTE DATA COLLECTION 

All sensors presented in Section II must be coupled with 
wireless communication technologies to remotely transfer 
the measurements to the cloud. To this end, different 
strategies can be adopted, depending on whether the sensors 
are static or can be mobile, see Fig. 4. In the case where the 
sensors are static, they must either reach a communication 
element (e.g., gateway, cellular antenna, satellite) or a 
vehicle as drone or ground robot must regularly come close 
to them to collect their data. Usually, the communications 
are based on Low Power Wide Area Networks as LoRa and 
Sigfox, but also on 3G, 4G, 5G, 6G, LTE-M and NB-IoT, or 
Wi-Fi, Bluetooth, FSK and ZigBee [32]. Recently, satellite 
communications based on Geostationary Orbit (GEO) 
satellites or a constellation of nanosatellites in Low Earth 
Orbit (LEO) are however increasingly studied for the IoT 
communications [33]. In fact, this technology is particularly 
relevant for applications facing signal quality issues or 
requiring highly reliable global coverage. 

  

 
Figure 4. Strategies to collect field data from static and mobile 

communicating sensor nodes. 

Unfortunately, the installation and maintenance costs of 
static sensor nodes, as well as communication subscription 
costs, can be a significant obstacle if a large number of 
sensor nodes need to be deployed. A second issue is the 
energy consumption of the nodes. 

A current challenge is indeed to develop wireless sensor 
nodes able to operate and communicate with extremely low 
energy. Low consumption processors, predefined activity 
schedules or wake-up modules are studied. In particular, by 
adding an auxiliary Wake-up Receiver (WuR) consuming 
near-zero energy, the radio frequency spectrum can be 
continuously monitored for a predefined wake-up signature 
[34].  When the signal containing the wake-up signature is 
detected (e.g., sent from a drone), the IoT device in sleep 
mode is woke-up and its radio activated. This approach aims 
to highly decrease the node's energy consumption and 
prolong their operating duration. Another way to reduce the 
energy consumption of IoT systems lies in local data 
processing (edge computing). Instead of continuously 
transmitting raw measurements, sensor nodes can perform 
preprocessing and transmit only relevant information or 
alarms. The recent developments in Energy Harvesting (EH) 
are also particularly promising to supply or recharge self-
powered IoT nodes, and even eliminate the need for 
batteries, see [35]. The energy sources which can be 
exploited are the ambient ones (e.g., solar, wind, thermal, 
radio frequency), but also other sources as mechanical ones 
(e.g., motion of plants) and bioenergy (plants are used as 
energy sources). For example, the radiation of the 
frequencies used by telecommunications (i.e., from 3 kHz to 
300 GHz) can be harvested to generate a few microwatts 
sufficient to supply ultra-low-power IoT nodes, see [36]. The 
exploitation of plant motion is also an interesting strategy to 
harvest energy. For example, Meder et al. [37] aim to harvest 
the energy of artificial leaves installed on real leaves by 
exploiting their motion and oscillations due to wind. 
Bioenergetical approaches uses the friction of plants, when 
they come into contact and separate, to exploit the generated 
electric charges and develop a triboelectric nanogenerator, 
see [38]. The development of such new energy harvesting 
technologies is particularly promising for future sensor nodes 
in agriculture, requiring however to meet several challenges 
in terms of quantity of energy produced, conversion, storage 
and consumption. 

Some sensors can also be directly mounted on vehicles 
which can be connected to a communication infrastructure 
during the data collection. Otherwise, the data is temporarily 
stored on the vehicle and will be downloaded once back at 
the farm's docking station. The vehicles (e.g., drones, ground 
robots) are in charge to displace the sensors within the fields. 
This mobility is particularly interesting as it is not necessary 
to excessively increase the number of sensors in the plots 
(i.e., the same sensor is used several times). Furthermore, 
other operations can be performed at the same time by the 
carrier vehicle (e.g., taking soil samples). This approach 
requires however overcoming many scientific and 
technological challenges, whether it be in terms of trajectory 
planning, control, manipulation and connectivity due to 
dynamic topology and variable network coverage. 
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IV. DATA COLLECTION BY DRONE 

To illustrate a data collection process from static 
communicating sensor nodes within agricultural ecosystems, 
this section presents our latest results on this subject. We 
recently developed communicating sensor nodes which can 
be buried at 30 cm depth before being fully covered by soil, 
see Fig. 5. These sensors regularly measure soil moisture and 
temperature and transmit this information in LoRa 868 MHz 
through Underground to Aboveground (UG2AG) 
communications [39]. By using a data receiver mounted on a 
drone, the objective is to successively approach each node to 
activate it from a WuR, and then collect data while 

maintaining a high-quality signal (i.e., high value of RSSI). 
Experiments have shown that the best communications (and 
therefore data collection) are observed when the drone is 
positioned directly above the node (RSSI levels greater than 
-110 dBm). When the drone moves laterally, the RSSI level 
drops sharply near the ground. However, this strategy poses 
several challenges, particularly with regard to flight 
autonomy, optimal trajectory, adapting collection time to the 
amount of data to be retrieved, and obstacle avoidance by the 
drone at low flying height.   

To enable the installation and removal of sensor nodes, 
allow rapid deployment across different study sites, and 
promote hardware reusability, another approach currently 
investigated is to use a drone equipped with a cable 
manipulation system to install and move sensor nodes in the 
field. This approach, similar to drone delivery, brings 
flexibility but presents numerous challenges in terms of 
gripping, control and stability. 

V. CONCLUSION AND FUTURE WORK 

Faced with climate change and the need for sustainable 
agricultural production, farming methods must adapt and 
gradually evolve towards greater biological interactions, the 
preservation of soil fertility and natural resources. New 
technologies must adapt to these new modes of production 
by developing efficient sensors and means of collecting data 
in the field at both high spatial resolution and multi-scales. 

Original sensors are currently being developed for this 
purpose - at microscopic and macroscopic scales - whether 
they are biodegradable, wearable, or able to detect some odor 
or sound patterns. To collect the data, different strategies are 
being studied, ranging from communication with 
nanosatellites, the use of autonomous drones or ground 
robots, manipulation of sensors by drones or fully buried 
approaches. A major challenge is moreover to minimize the 
energy consumption of sensors and data collection systems, 

in particular by finding ways to activate them intelligently 
and harvest energy from different ambient sources. 

The ecological impact of the developed solutions requires 
also to be carefully studied as early as possible in the design 
and implementation. The consideration of the life cycle of 
the approaches proposed is in fact essential, necessitating to 
analyze all the process, from the manufacturing of the 
different components to the end-of-life with the electronic 
wastes. A particular attention must also be paid to modular 
designs, to be able to replace only a part of a device instead 
of all the system in case of breakdown or need of evolution.  
There are several ways of development in the IoT sector 
serving agroecology, making this research particularly 
captivating and promising. 

The adoption of these advances by farmers also raises 
other challenges, such as the development of specific 
policies, common standards, and appropriate training. It is 
therefore necessary to adapt support systems accordingly in 
order to move towards a fully data-driven agroecology. 
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Abstract— Ferromagnetic amorphous microwires exhibit 

magnetic properties, as well as Giant magneto-Impedance 

(GMI) which are sensitive to external stimuli, such as stress or 

heating, making them suitable for the development of various 

sensors. On the other hand, the use of Taylor-Ulitovsky 

fabrication technique allows to produce such microwires 

covered with insulating flexible glass coating and with the widest 

range of diameters (from 0.1 to 100 μm). We provide 

experimental results on dependencies of the hysteresis loops and 

GMI effect of glass-coated microwires on external stimuli. The 

obtained results are considered as a base for a novel sensing 

technique allowing non-destructive and non-contact monitoring 

utilizing ferromagnetic glass-coated microwire for various 

applications, such as transportation (aircraft, automobile and 

railroad sectors). 

Keywords - giant magnetoimpedance effect; magnetic microwires; 

magnetic softness; smart composites. 

I.  INTRODUCTION  

Amorphous magnetic materials, discovered in 60-s, 

commonly present an unusual combination of excellent 

magnetic properties (e.g., high magnetic permeability, giant 

magnetoimpedance, GMI, effect, magnetic bistability, 

Matteucci and Widemann effects) together with superior 

mechanical properties (plasticity, flexibility) [1]-[5]. Such 

combination of physical properties makes them attractive for 

various technological applications [6]-[8]. Enhanced 

magnetic softness of amorphous materials is linked to the 

disordered structure characterized by the absence of the 

magnetocrystalline anisotropy and defects (dislocations, 

grain boundaries, etc.) typical for conventional crystalline 

magnets [1]-[5]. The manufacturing techniques of different 

types of amorphous materials involves rapid melt quenching 

[1]-[4]. Such fabrication techniques are generally quite fast 

and not expensive, allowing preparation of soft magnetic 

materials without any complex post-processing treatments 

[1]-[4]. 

For many applications, especially in the transport 

(automotive or aviation industries) or medicine, new features 

such as reduced size, increased corrosion resistance or 

biocompatibility are in high demand. Therefore, much 

attention is paid to the development of alternative 

manufacturing methods that allow obtaining amorphous 

materials with insulating coatings at the micro- and nanoscale 

using rapid quenching of the melt [6]-[8]. 

Glass-coated microwires fabricated by the Taylor-

Ulitovsky method meet most of the above-mentioned 

requirements: such magnetic microwires have micro-

nanometer diameters (typically 0.1-100 μm), they are 

covered with a thin, insulating, biocompatible and flexible 

glass coating [7]-[11], and can have excellent magnetic 

softness, high GMI effect or magnetic bistability [9]-[11]. 

This combination of properties of glass-coated 

amorphous microwires allows for development of new 

technological applications, such as magnetic sensors [6]-[9] 

[12]-[14] or smart composites with tunable magnetic 

permittivity [8][15]. 

Recently, the stress and temperature dependence of 

hysteresis loops and GMI effect are proposed for the 

development of smart composites with microwires inclusions 

and magnetoelastic sensors or using magnetoelastic sensors 

based on stress dependence of various magnetic properties 

[12]-[19]. 

In this work, we provide our results on study of the 

influence of stresses and temperature on GMI effect and 

magnetic properties of glass-coated microwires paying 

attention on applications in transportation industries, such as 

aircraft, automobile or railroad sectors. 
The rest of the paper is structured as follows. In Section II, 

we present the experimental methods, while in Section III we 
describe the results on the stress and temperature 
dependencies of the hysteresis loops and the GMI effect of the 
studied microwires. The article concludes in Section IV. 

II. EXPERIMENTAL DETAILS 

We studied Co and Fe-rich glass-coated amorphous 

microwires with metallic nucleus diameters, d, between 15 

and 40 µm prepared by the aforementioned Taylor-

Ulitovsky method. Briefly, the fabrication method  consists 
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of melting a metallic alloy ingot inside a glass (typically 

Duran or Pyrex) tube using a high-frequency inductor, 

forming the glass capillary from softened glass, drawing of 

such capillary filled with the molten metallic alloy and 

winding of the solidified glass-coated microwires onto a 

rotating bobbin [9][10]. 

The hysteresis loops were measured by the fluxmetric 

method using a specially designed setup for studying soft 

magnetic microwires of reduced diameter [20]. To avoid the 

error associated with precise evaluation of the magnetic 

nucleus diameter we represented the hysteresis loops as the 

normalized magnetization M/Mo (where Mo is the magnetic 

moment of the samples at maximum magnetic field 

amplitude, Ho) versus H.  

The GMI ratio, ΔZ/Z, was defined using the commonly 

∆Z/Z definition, as [3][4][7]: 

 

∆Z/Z=[Z(H)-Z(Hmax )]/Z(Hmax)∙100  (1) 

 

where Z is wire impedance, Hmax – is the maximum applied 

DC magnetic field (typically below a few kA/m). 

Wire impedance, Z, was experimentally measured 

reflection coefficient S11 using a vector network analyzer 

using the expression:  

𝑍 = 𝑍𝑜
(1+𝑆11)

(1−𝑆11)
     (2) 

where Z0=50 Ohm is the characteristic impedance of the 

coaxial line. Use of the specially designed sample holder 

with coaxial line connections allows to measure Z(H) 

dependencies up to GHz frequencies [21].  

For wireless measurements of microwire response under 

stress at 2.45 GHz, we used the free space measurement 

system, consisting of two broadband horn antennas fixed to 

the anechoic chamber and a vector network analyzer, 

previously used for the composites characterization at free 

space [15]. We measured the scattering S22, parameter. As 

recently proposed [18], the AC modulating magnetic field 

was applied parallel to the ferromagnetic microwires to 

modulate the impedance in the microwire. We use the same 

modulation magnetic field frequency, f, of 80 Hz as in our 

previous studies [18]. 

The applied stresses value, σ, acting on the metallic 

nucleus has been evaluated considering different Young’s 

moduli of the metallic alloy and the glass, E1 and E2 

respectively, as was described earlier [22]: 

 

𝜎
𝐾∙𝑃

 𝐾 ∙ 𝑆𝑚+𝑆𝑔𝑙
    (3) 

 

where k = E2/E1, P - the applied mechanical load, and Sm and 

Sgl are the cross sections of the metallic nucleus and glass 

coating respectively.  

III. EXPERIMENTAL RESULTS AND DISCUSSION 

As expected from previous studies [9], as-prepared Fe–

rich and Co-rich microwires present rather different 

hysteresis loops. As shown in Figure 1, Fe-rich 

(Fe75B9Si12C4) microwires present rectangular hysteresis 

loops. While, Co-rich (Co65.4Fe3.8Ni1B13.8Si13Mo1.35C1.65) 

microwires present different kind of hysteresis loop with low 

coercivity and high initial permeability. From the hysteresis 

loops, we can evaluate the coercivity, Hc, and the switching 

field, Hs (for the case of rectangular hysteresis loops, see 

Figure 1a) and magnetic anisotropy field, Hk (for the case of 

linear hysteresis loops, Figure 1b). It is worth mentioning that 

Hc, Hs and Hk – values are significantly affected by magnetic 

field frequency, f, and amplitude, Ho [23]. Therefore, all the 

measurements have been performed at fixed f (100 Hz) and 

Ho values. 

We observed that the shape of the hysteresis loops of Co-

rich (Co65.4Fe3.8Ni1B13.8Si13Mo1.35C1.65) microwires remains 

almost the same (linear with low coercivity) when stress is 

applied However, an increase in the magnetic anisotropy 

field, Hk, can be observed upon tensile stress, σ (see Figure 

2b). The origin of such linear Hk(σ) dependence was recently 

discussed in terms of the stress dependence of the 

magnetoelastic anisotropy, Kme, given as [24]:  

 

𝐾𝑚𝑒 = 3/2λ𝑆σ    (4) 

 

where λs is the magnetostriction coefficient.  

As shown in Figure3a, when the tensile stress is applied 

the character of hysteresis loops of Fe-rich (Fe75B9Si12C4) 

microwires does not change, although an increase in Hc is 

observed. Evaluated Hc(σ) and Hs(σ) are shown in Figure3b. 

As can be appreciated, both Hc and Hs present similar 

tendency showing increase upon applied stress.  

Previously, Hs(σ) dependence was interpreted 

considering that the Hs is proportional to the energy required 

to form the domain wall, γ, involved in the bistable 

magnetization process. The domain wall energy linked with 

Kme and hence with σ and then it can be expressed as [25]: 

 

𝐻𝑆 ∝ 𝛾 ∝
[𝐴(3/2)  𝜆𝑆 (𝜎+𝜎𝑟)]1/2

𝑐𝑜𝑠𝛼
   (5) 

 

where α is the angle between magnetization and axial 

direction, A is the exchange energy constant, and σr is the 

residual tensile stress. Consequently, Hs must be proportional 

to  for  larger than r and cos    
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Figure 1. Typical rectangular (Fe75B9Si12C4 microwire) (a) and linear 
(Co65.4Fe3.8Ni1B13.8Si13Mo1.35C1.65 microwire) (b) hysteresis loops of 

magnetic microwires illustrating definitions of Hc, Hs and Hk. 
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The experimentally observed Hs() and 

Hc()  dependencies better fits to Hc ~ and Hs ~ (see 

Figure 3b). Qualitatively, a fairly good agreement is observed 

between the predicted and experimental Hs() and 

Hc()  dependencies. 

The observed difference in predicted and experimentally 

observed Hc(σ) and Hs(σ)  dependencies must be attributed to 

complex internal stresses [26]. Additionally, although the 

origin of the switching field, Hs, is linked with the domain wall 

nucleation or depinning processes, the coercivity, Hc, is also 

affected by the velocity of the propagating domain wall [23]. 

Influence of temperature on hysteresis loops of Fe-rich 

and Co-rich microwire is shown in Figure 4. It is remarkable 

that upon heating the hysteresis loops of Fe-rich microwires 

become essentially non-rectangular. Rectangular hysteresis 

loop transforms into inclined upon heating (with an increase 

in T). The opposite tendency is observed for Co-rich 

microwires: upon heating the hysteresis loops becomes 

almost rectangular (see Figure 4b). 

Accordingly, the GMI effect is also affected 

substantially by temperature (see Figure 5). An increase in 

ΔZ/Z–value is observed for Fe-rich microwire being most 

remarkable at T= 300 oC: Maximum GMI ratio, ΔZ/Zmax ≈ 

120% is recorded at T= 300 oC (100 MHz) (Figure 5a). While 

-1000 -500 0 500 1000

-1.0

-0.5

0.0

0.5

1.0

 265.5 MPa

 295 Mpa

 354 MPa

 413 Mpa

 472 MPa

M
/M

0

H (A/m)

 0 MPa

 59 MPa

 147.5 MPa

 206.5 MPa 

(a)

 

0 200 400
0

500

1000

1500

H
k
(A

/m
)

(MPa)

 -Co-rich

(b)

0 200 400
0

800

1600

2400



(MPa)

(c)

 
Figure 2. Effect of applied stress on hysteresis loops (a) Hk(σ) 

dependence (b) and χ(σ) (c) of Co65.4Fe3.8Ni1B13.8Si13Mo1.35C1.65 

microwires. 
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Figure 3. Effect of applied stresses on hysteresis loops (a) and Hc(σ) and 

Hs(σ) dependencies (b) of Fe75B9Si12C4 microwires. The experimental 

Hs(σ) and Hc(σ)dependencies are compared with fitting considering Hc(σ 

=0)=97 A/m and Hs(σ =0) =61 A/m. 
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Figure 4. Hysteresis loops of Fe-rich (a) and Co-rich (b) microwire 

measured at different T. 
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in Co-rich microwire the opposite tendency (a decrease in 

ΔZ/Zmax upon heating) is observed (see Figure 5b). 

As described above, we measured the influence of 

applied stress, σ, on microwave signal of single microwire. A 

low frequency AC magnetic field (80 Hz) was applied by a 

planar coil placed inside the anechoic chamber. Using the 

VNA we measured the S22 parameters at 2.45 GHz at 

different σ -values. The S22 (σ) dependence is provided in 

Figure 6a. A substantial decay of the S22 parameter measured 

at 2.45 GHZ is observed (see Figure 6a). The dependence of 

S22 on σ, evaluated from Figure 6a, is provided in Figure 6b. 

From Figure 6b is evident that upon the applied stress from 0 

to 225 MPa, S22 changes on 40 dB (100 times) from -50 to -

90 dB. 
The observed substantial S22(σ) dependence can be 

explained considering the χ(σ) dependence provided in 

Figure2c.  

The observed dependencies of magnetic properties, 
GMI effect and even S22 at microwave frequencies are 

potentially suitable for exciting applications in structural 

integrity and health monitoring related to wireless stresses 

monitoring and integrity in civil engineering, aircraft and 

automobile industries. 
Certainly, contactless stress monitoring in carbon fiber 

composite materials for the aircraft industry is vital to the 

safety of modern aircrafts. In these applications glass-coated 

microwires inclusions with high GMI effect embedded in 

composites with enhanced corrosion resistance and 

mechanical properties are responsible for remote stresses or 

temperature monitoring in aircraft and car industries [18][27]. 

The peculiarity of the composites used for aircraft 

industry is the presence of the carbon fibers making such 

composites conductive. Therefore, further developments 

were needed to separate the microwave response of magnetic 

microwires from that of conductive carbon fibres. Recently, 

this problem has been successfully solved using a low 

frequency modulated magnetic field [18]. For such 

applications, high GMI effect and high stress sensitivity of 

the microwave response of magnetic microwires are 

essentially relevant.  

The main advantage of the microwave stress and 

temperature monitoring (using S- parameters) is the possibility 

of contactless measurements at large distance to the microwire 

[8][27][28]. Additionally, the changes in S22- parameter are 

rather large (see Figure 6). In contrast, changes in Hc and Hs 

are smaller (see Figure 3). Additionally, the distance to such 

magnetically bistable microwire is usually limited to a few 

cm [29]. However, the low frequency measurements (such as 

dependence of coercivity on external stimuli) are less 

affected by the matrix conductivity.  

IV. CONCLUSIONS AND FUTURE WORK 

We demonstrated that magnetic properties, GMI 

effect and microwave signal produced by ferromagnetic 
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Figure 5. ΔZ/Z(H) dependencies of Fe-rich (a)and Co-

rich (b) microwires measured at 50 MHz at various 

temperatures. 
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80 Hz) of S22 at different σ-values (b). 
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microwires are substantially affected by mechanical stress 

and heating.  

The obtained experimental results yield new and 

important insights suitable for development of sensing 

technique for non-destructive and non-contact monitoring of 

the composites containing embedded microwire inclusions 

for aircraft, automobile industries. 
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Abstract—The impact of post-processing on soft magnetic 

properties and the Giant Magneto-Impedance (GMI) effect of 

Fe- and Co-based glass-coated microwires is evaluated. A 

remarkable improvement of magnetic softness and GMI effect 

is observed in Fe-rich glass-coated microwires subjected to 

stress annealing. Frequency dependence of GMI ratio of stress-

annealed Fe-rich microwires has been discussed considering 

frequency dependence of the skin penetration depth, δ, as well 

as magnetic anisotropy distribution within the metallic nucleus. 

Annealed and stress-annealed Co-rich microwires present 

rectangular hysteresis loop and single and fast domain wall 

propagation. However, Co-based stress-annealed microwires 

present high magnetoimpedance ratio. Observed stress-induced 

anisotropy and related changes of magnetic properties are 

discussed considering internal stresses relaxation and “back-

stresses”. 

 Keywords- Giant Magneto-Impedance effect; magnetic 

microwires; magnetic softness; domain wall propagation. 

I.  INTRODUCTION  

Development of magnetic sensors is focused on the 

miniaturization of their size, improvement of their features 

and on finding of new materials. Among new magnetic 

materials, a family of thin wire with reduced dimensions 

recently gained considerable attention [1]. Glass-coated 

magnetic microwires prepared using the Taylor-Ulitovsky 

technique with thin metallic nucleus (typically with 

diameters 0.5 to 50 μm) covered by flexible, insulating and 

biocompatible glass are therefore quite interesting for sensor 

applications [2]. This technique allows preparation of the 

thinnest rapidly quenched wires with amorphous or 

crystalline structure of metallic nucleus. Good magnetic 

properties can be observed either in crystalline or in 

amorphous magnetic wires, but amorphous magnetic wires 

present several advantages, such as superior mechanical 

properties, the absence of microstructure defects (grain 

boundaries, crystalline texture, dislocations, point defects, 

etc.) [2] and hence precise post-processing is not required. 

Particularly, amorphous microwires can present Giant 

Magneto-Impedance (GMI) or magnetic bistability. In the 

case of glass-coated microwires the magnetoelastic 

anisotropy contribution becomes relevant since the 

preparation process involves not only the rapid quenching 

itself, but also simultaneous solidification of the metallic 

nucleus surrounded by non-magnetic glass-coating with 

rather different thermal expansion coefficients [2]. 
The purpose of this paper is to present the most recent 

results on tailoring of soft magnetic properties and GMI effect 
in glass-coated microwires paying special attention to 
achievement of high GMI effect and on optimization of 
domain wall dynamics. We also provide several examples of 
sensor applications of such glass-coated microwires. The rest 
of the paper is structured as follows. In Section II, we present 
the experimental methods, while in Section III we describe the 
results on the dependencies of hysteresis loops, domain wall 
dynamics and GMI effect of the studied microwires on 
annealing conditions. 

II. EXPERIMENTAL DETAILS 

We studied glass-coated amorphous microwires 

prepared by the Taylor-Ulitovsky method. The 

manufacturing technique is described elsewhere [3][4]. It 

involves melt quenching of the metallic alloy inside a glass 

capillary and winding of the solidified glass-coated 

microwires onto a rotating bobbin. 

We measured the hysteresis loops, dynamics of domain 

wall propagation and GMI effect. Hysteresis loops were 

measured by the fluxmetric method using low frequency 

(100 Hz) AC magnetic field, as described elsewhere [5]. 

Sample impedance, Z, was determined from the 

reflection coefficient, S11, using a vector network analyzer, 

as described in detail elsewhere [6]. From Z, measured at 

different magnetic fields, H, we evaluated the GMI ratio, 

ΔZ/Z, as [2][7]: 

 

∆Z/Z=[Z(H)-Z(Hmax )]/Z(Hmax)∙100  (1) 

 

where Hmax – is the maximum applied DC magnetic field. 

In the microwires with rectangular hysteresis loop, we 

studied the Domain Wall (DW) dynamics using modified 
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Sixtus-Tonks previously described elsewhere [8][9]. The 

main difference of used method with respect to classical 

Sixtus-Tonks [10] technique is that to ensure a single DW 

propagation we leave one end of the studied sample outside 

the magnetization coil. Additionally, we employed three 

pick-up coils in order to avoid the multiple DW propagation 

[8][9]. The DW velocity, v, can be estimated as [8][9]: 

 

v = 
l

Δt
     (2) 

 

where l is the distance between pick-up coils and Δt is the 

time difference between the ElectroMotive Force (EMF) 

peaks originated by moving DW in the pick-up coils [8][9]. 

III. EXPERIMENTAL RESULTS AND DISCUSSION 

As already reported previously [2][4], the character of the 
hysteresis loops is linked to the sign and value of the 
magnetostriction coefficient, λs. Therefore, studied Co-rich 
and Fe-rich microwires present rather different magnetic 
properties and hence GMI effect: Fe-rich microwires with λs 
>0 present perfectly rectangular hysteresis loops exhibiting 
magnetic bistability and coercivity, Hc, of the order of 70 A/m 
(see Figure1a). In contrast, Co-rich microwires (λs ≈0) present 

linear hysteresis loops with an order of magnitude lower Hc 

(see Figure1b). 
As experimentally shown in dozens of previous 

publications [2][8][9], the remagnetization of Fe-rich 
microwires with rectangular hysteresis loops runs by fast 
domain wall, DW, propagation. 

The magnetic properties of amorphous materials are 
mostly determined by the magnetoelastic anisotropy. The 
common way to reduce the magnetoelastic ansitropy is 
annealing. For mantaining the amorphous structure of the 
samples the anealing temperatures, Tann, must be selected 
below the crystallization temeprature. Usually the 
crystallization of amorphous Fe- and Co-rich alloys is 
observed for Tann ≥ 500 oC [11]. The crystallization usually 
deteriorates mechanical properties of amorphous materials 
[11][12]. Therefore, we tried to anneal our samples at Tann  
<500 oC  

As shown in Figure 2, it is evident that conventional 
furnace annealing (without stress) does not modify the 
hysteresis loop character of Fe-rich microwires: both as-
prepared and annealed Fe75B9Si12C4 samples present similar 

character of hysteresis loops. Only a slight decrease in Hc is 
observed after annealing (see Figure 2).  

Roughly linear v(H) dependencies are observed in studied 

Fe-rich microwires in the magnetic field region H ≥Hc (see 

Figure3a) 

Linear v(H) dependencies have been discussed in terms of 

the viscous DW motion [8][9]. The DW propagates with a 

velocity, v, given as: 

 

v=S(H-H0)                                          (3) 

 

where H0 is the critical propagation field and S is the DW 

mobility given by [8][9] 

 

S=Ms/         (4) 

where   is magnetic permeability of vacuum, Ms -saturation 

magnetization and β is the viscous damping coefficient.  

A substantial DW dynamics improvement in Fe-rich 

microwires after annealing is achieved (see Figure 3).  

     The origin of such improvement of DW dynamics, 

reflected by increase in v and S values is discussed elsewhere 

considering the dependence of DW dynamics on 

magnetoelastic anisotropy, Kme, given by [8][9][13]: 
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Figure 2. Hysteresis loops of as-prepared and annealed at Tann = 350oC 

Fe75B9Si12C4 microwire. 
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Figure1. Hysteresis loops of amorphous magnetic microwires 

Fe75B9Si12C4 (λs >0) (a), and Co69.2Fe3.6Ni1B12.5Si11Mo1.5C1.2 (λs ≈0) 

(b) microwires. 
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Kme = 3/2 λsσ,     (5) 

being σ–is the stresses value. In the absence of applied 

stresses, the internal stresses, σi, magnitude (and, hence, the 

degree of the σi relaxation) are essentially relevant for the 

DW dynamics improvement. 

     The magnetic relaxation damping, βr, is considered 

elsewhere as the main factor affecting the DW dynamics at 

least in amorphous microwires [8]. The βr is related to a 

delayed rotation of electron spins and inversely proportional 

to the domain wall width and given as [7][8]: 

 

r ≈ 2Ms− (Kme/A)1/2   (6) 

 

where A is the exchange stiffness constant. 
Consequently, Kme can affect S magnitude. Accordingly, 

the observed change in S-values can be qualitatively explained 
considering σi relaxation [7][8]. 

On the other hand, upon annealing the hysteresis loop of 
Co-rich microwires becomes rectangular presenting 
considerable magnetic hardening (see Figure 4). Such 
unexpected behavior was explained considering two different 

phenomena. First of all, circular magnetic anisotropy and the 
remagnetiztion process by magnetization rotation of Co-rich 
microwires is associated to low negative λs –values and axial 
character of the internal stresses induced mostly by the 
difference in thermal expansion coefficients of metallic alloys 
and glass coating. Accordingly, the relaxation of internal 
stresses allows the contribution of magnetoelastic anisotropy 
to be reduced, while the contribution of shape anisotropy 
increases, facilitating axial magnetic anisotropy. Additionally, 
a change in the magnetostriction coefficient upon annealing is 
experimentally observed in several Co-rich microwires [10]. 

Accordingly, the hysteresis loops of annealed Co-rich 
microwires becomes similar to as-prepared Fe-rich 

microwires (see Figure 4). Such character of hysteresis loops 
is usually associated with the remagnetization process through 
the DW propagation.  

Consequently, we measured the DW propagation in the 

Co-rich microwires with magnetic bistability induced by 

annealing. Obtained v(H) dependence are presented in Figure 

5a. Observed in studied Co-rich microwire v –values (above 

2.5 km/s) are even higher that in Fe-rich microwires (see 

Figure3). This difference can be attributed to lower λs –values 

of Co-rich alloy.  

Surprisingly, a more pronounced GMI effect is observed 

in annealed Co-rich microwires with higher Hc and 

rectangular hysteresis loops (see Figure 5b): at a fixed 

frequency f, an increase in ∆Z/Z from approximately 100% to 

140% is observed (see Figure 5b). Another important feature 

of the observed change in the ∆Z/Z(H) dependence after 

annealing is its modification from a double-peak to a single-
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Figure 3. v(H) dependencies, measured in as-prepared and 

annealed for different annealing time, tann, Fe74B13Si11C2 

microwires (a), and S(tann) for the same microwires annealed at 
300 oC (b). 
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Figure 4. Hysteresis loop of as-prepared (a) and annealed at 

Tann=250oC (b) and 300oC (c) Co69.2Fe3.6Ni1B12.5Si11Mo1.5C1.2 

microwires. 
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peak (see Figure 5b). It is worth noting that a double-peak 

∆Z/Z(H) dependence is predicted for wires with transverse 

magnetic anisotropy, whereas a single-peak ∆Z/Z(H) 

dependence is typical for magnetic wires with axial magnetic 

anisotropy [14]. Accordingly, the observed change in the 

nature of the ∆Z/Z(H) dependence correlates fairly well with 

the observed change in the hysteresis loops after annealing. 
Consequently, annealing of Co-rich microwires allows 

achievement of unique combination of magnetic properties. 
Annealed Co-rich microwires can simultaneously present 
single and fast Domain Wall (DW) propagation and high GMI 
effects. 

Such combinations of magnetic properties can be 

suitable for various applications, such as magnetic sensors, 

smart composites with magnetic wire inclusions or magnetic 

memory devices [15]-[22]. Additionally, annealing can 

provide better time and temperature stability of properties of 

magnetic microwires. 

For the results presented above, the annealing time was 

always 1 h, as is commonly used in most published works 

devoted to the effect of annealing on the magnetic properties 

of amorphous materials [1][5]. Such annealing time selection 

allows better comparison of obtained results with existing 

knowledge. However, annealing time is also another relevant 

parameter. Thus, it has been shown previously [23] that 

isothermal annealing with annealing time as a parameter 

allows for finer tuning of the hysteresis loops of Co-rich 

microwires. On the other hand, annealing at elevated 

temperatures and/or for extended times can cause 

crystallization of amorphous materials, resulting in a 

significant deterioration of their magnetic and mechanical 

properties [12]. Therefore, annealing conditions should be 

chosen with caution. 

IV. CONCLUSION AND FUTURE WORK 

     We demonstrated that magnetic properties, GMI effect 

and domain wall dynamics are substantially affected by 

annealing.  

Obtained experimental results yield new and important 

insights suitable for development of material with unique 

combination of magnetic properties suitable for high 

performance magnetic sensors and devices.  
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Abstract— The tracking and analysis of moving micro-particles
is a demanding task in fields such as industrial processing and
biotechnology. Traditional methods rely on conventional frame-
based cameras (Charge-Coupled Device (CCD) or Complementary
Metal-Oxide Semiconductor (CMOS)) and post-processing soft-
ware, which often face limitations regarding data volume and
processing speed as particle count or velocity increases. This
paper explores a neuromorphic approach using event-driven
vision sensors, specifically Dynamic Vision Sensors (DVS) and
Selective-Change-Driven (SCD) sensors. Unlike traditional systems,
these sensors detect local changes in luminance asynchronously,
providing high temporal resolution with significantly lower
data flow. We present preliminary evidence of micro-particle
tracking using several non-commercial, home-developed event-
driven cameras integrated into a microfluidic experimental setup.

Keywords- Selective-Change-Driven (SCD); Dynamic Vision Sensor
(DVS); microfluidic; Particle Image Velocimetry (PIV); Particle
Tracking Velocimetry (PTV).

I. INTRODUCTION

The tracking and analysis of moving micro-particles is a
demanding task in fields as diverse as industrial processing and
biotechnological activities. The classical approach relies on
conventional frame-based cameras (CCD or CMOS) and post-
processing software to perform Particle Tracking Velocimetry
(PTV) or Particle Image Velocimetry (PIV) [1][2]. Recently,
these methods have been adapted for microfluidic applica-
tions such as Microparticle Tracking Velocimetry (uPTV) [3]
and Microparticle Image Velocimetry (uPIV) [4] using time-
lapse microscopy. Microfluidic systems rely on diverse mi-
crofabrication techniques (such as semiconductor processing,
micro-machining and additive manufacturing) [5] to create
micrometer-scale structures. For basic microchannel studies,
particles are injected using a syringe pump and monitored via a
microscope coupled with a camera, although future diagnostic
applications aim for fully integrated, compact systems.

To overcome the limitations of actual µPTV/µPIV algorithms
(such as high computational cost and noise sensitivity) various
Artificial Neural Network (ANN) algorithms [6] are increas-
ingly used. Applications range from stereoscopic tracking
velocimetry using Stochastic Neural Network (StochNN) [7]
and Convolutional Neural Network (CNN) have been used in
particle identification [8] to unsupervised feature extraction [9].
In any case, as the number or speed of tracked particles

increases, various limitations arise, both in terms of detection
(streaks and shadows in images) and processing (given the
large amount of data generated), suggesting the use of more
powerful approaches, such as those based on new event-based
vision sensors [10].

Since the first attempt to replicate human vision in sil-
icon [11], neuromorphic vision sensors (also called Event-
Driven, ED) have demonstrated their enormous potential to
outperform traditional frame-based systems in terms of energy,
resources, and processing speed [12]. These advantages are
especially important in fields where high processing speed
and very high data rates are required, such as unmanned
aerial vehicle (drone/UAV) guidance [13] or multiple particle
tracking [14]. While several ED sensor families exist, DVS are
currently the most industrial mature [10][15][16]. DVS detect
local luminance changes asynchronously as events rather than
frames, providing microsecond latency, high dynamic range and
low data flow. A specific variant is the SCD sensor [17][18],
which uses a Winner-Take-All (WTA) circuit [19] to output the
coordinates and intensity of the most significant changes on
demand. At 128× 128 resolution, SCD sensors offer latencies
as low as 100 ns, making them ideal for high-speed tracking.

Event-based sensors offer three key advantages:

• Asynchronous event detections, which reduces bandwidth
up to 100 times compared to conventional cameras while
maintaining microsecond resolution [14][20]–[22].

• Real-time processing, enabling long-duration recordings
and faster-than-real-time analysis without memory con-
straints [14][22].

• Robustness and flexibility, providing high dynamic range and
tolerance to variable illumination in brightfield, fluorescence
or high-velocity environments [20]–[22].

In this paper, we present preliminary evidence of the
utilization of several non-commercial event-driven cameras for
micro-particle tracking applications. The structure of the paper
is as follows. In Section II, we specify the experimental setup,
explaining the microfluidic components besides the specific
architectures of SCD and DVS cameras used in this work. In
Section III, we present and analyze the preliminary results
obtained from capturing high-speed microparticle fluid. Finally,
the conclusions and future work are presented in Section IV.
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Figure 1. ED cameras and sensors considered in this study: (a) Experimental
setup; (b)-(c) DVS camera and sensor; (d)-(e) SCD camera and sensor

(64×64); (f)-(g) SCD camera and sensor (128×128).

II. EXPERIMENTAL SETUP

A complete experimental setup, comprising a standard
microscope and a laboratory-grade syringe pump. We made
use of Commercial Off-The-Shelf (COTS) single-channel
microfluidic chips, and commercial microparticles were con-
sidered. To validate our proposal, we utilized home-developed
SCD cameras, which were compared to a DVS camera. A
conventional digital camera was used as a reference.

A. Microfluidics setup

The utilized setup is shown in Figure 1 (a). As a pump we
used the KD Scientific Legato 110 which is a high-precision,
single-syringe infusion and withdrawal with a volumetric

accuracy of ±0.5% capable of hosting a broad range of
syringe volumes from 0.5 µL to 60 mL, an wide range of flow
rates, from less than 2 pL/min up to more than 50 mL/min.
Fluidic experiments were conducted using a multi-channel
thermoplastic chip (Fluidic 138, microfluidic ChipShop GmbH,
Jena, Germany). The device comprises four independent straight
channels, each measuring 58.5 mm in length with a cross-
section of 1000 µm×200 µm. Fluidic access was achieved via
integrated Mini Luer ports, and the optical transparency of the
[Polimethyl methacrylate (PMMA)/Topas] substrate permitted
real-time visualization of the flow dynamics. Flow visualization
was performed using fluorescent silica particles (sicastar®-redF,
micromod Partikeltechnologie GmbH, Rostock, Germany) with
a nominal diameter of 20 µm.

B. DVS camera

This camera is based on a 128×128 pixels DVS with
improved sensitivity [23]. Each pixel in the DVS sensor
individually responds to relative temporal variations of the
illumination inpinging on it [24] generating asynchrounously
a signed output address event when the relative variation in
the illumination goes over a controllable threshold. The output
address event codes the (x,y) address that identifies the pixel
generating the event. An additional sign bit codes the direction
(increasing or decreasing) of the illumination variation. In the
sensitive DVS, a low-power low-mismatch amplification stage
is added to each pixel which enables the detection of low
illumination contrasts [25], making the sensor able to achieve
the low noise high sensitivity conditions needed for microscopic
applications.

C. SCD camera (64× 64 pixels)

This camera is based on a 64× 64 SCD vision sensor im-
plemented in standard TSMC 180 nm CMOS technology [17].
It uses a continuous-time logarithmic photoreceptor and a
high-speed WTA circuit to select the pixel with the greatest
illumination change. The sensor delivers pixels ordered by the
illumination change since they were last read, allowing for
reduced data bandwidth without loss of accuracy. The sensor
can operate in both SCD mode, where it selects and outputs
the most changed pixels, and conventional frame-based mode.
Compared to frame-based cameras, the SCD sensor can detect
and track very fast-moving objects, up to 5-10 kHz, with the
same time resolution for both events and illumination level.

D. SCD camera (128× 128 pixels)

The sensor of this camera is a recently developed evolution
of the previous one. In this case, it is implemented in standard
TSMC 65 nm CMOS technology. It includes all the afore-
mentioned characteristics, plus a double parallel WTA circuit,
managing ON and OFF events. Preliminary mesurements have
also evidenced its higher velocity. Frames from a standard
camera are also included as a reference.
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Figure 2. Flowchart describing the method for event processing.

E. Data Processing and Tracking Method

To process the data generated by the neuromorphic sensors,
a real-time event-to-frame conversion pipeline is needed. For
SCD cameras, the pipeline was implemented using Python as
shown in Figure 2 instead of DVS cameras that uses an open-
source tool called jAER viewer. Unlike conventional cameras
that require high-bandwidth interfaces such as USB 2.0 or 3.0
to transmit full frames, the SCD sensors transmit event data
via a standard serial port connection.

Inside the Python environment, the incoming serial event
stream is buffered to reconstruct 2D frames in real-time as
shown in Figure 3. Once the events are mapped into images,
frame-based particle tracking methods are applied to estimate
the average fluid velocity. This hardware-software design
allows the system to use robust tracking algorithms while
fully exploiting the sensor advantages such as high resolution
and a drastic reduction in data transmission bandwidth at the
hardware level.

III. PRELIMINARY RESULTS

We have attached the different cameras to the microscope,
while maintaining an average fluid velocity of about 1.33 mm/s.
Results are collected in Figure 3. As observed, the flowing
particles are tracked in any case.

Conventional camera

DVS camera (IMSE, 128x128 pixels)

SCD camera (UV, 64x64pixels)

SCD camera (UV, 128x128 pixels)

Figure 3. Events captured as frames, for better presentation.

To facilitate the visualization and qualitative comparison of
results, we have extracted frames from the events reconstruction
of all cameras. As shown in Figure 3, the conventional camera
is provided as a baseline reference. The camera captures the
particles flow correctly, however, for a 1.33 mm/s flow, the
sensor generates massive amounts of redundant data for the
static microchannel background.

In contrast, the DVS camera demonstrates an advantage in
extracting purely movement information. Because the DVS
camera only records local temporal changes in illumination,
the static background is suppressed. Figure 3 illustrates the
resulting output as discrete events corresponding exactly to
the particles movement. The contrast changes are precisely
illustrated, mapping out high-resolution trajectory paths without
the heavy data overhead of synchronous full-frame readout.

Finally, both variants of SCD sensors proved highly ef-
ficiency for high-speed micro-particle tracking under real
experimental conditions. The 64×64 SCD camera successfully
tracked the flow, validating the efficacy of the continuous-time
logarithmic photoreceptor and WTA pixel selection despite
the lower resolution. The upgraded 128 × 128 SCD camera
obtained a markedly better spatial detail, effectively capturing
the flow with minimal noise. Overall, these results verify that
neuromorphic architectures can isolate high-speed moving tar-
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gets from static backgrounds at the microscope scale producing
low amount of data but rich in movement information perfectly
appropriated for next-generation velocimetry algorithms.

IV. CONCLUSION AND FUTURE WORK

This study demonstrates the viability of utilizing non-
commercial event-driven cameras for micro-particle tracking
applications. By integrating these sensors with a standard
microscope and a microfluidic system, we successfully tracked
flowing particles at an average fluid velocity of approximately
1.33 mm/s. Further experiments are required to quantify the
performance of each camera.
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Abstract—An Event-Driven (ED) approach to magnetic sensing
is proposed in this paper, utilizing a Selective Change-Driven
(SCD) topology and Giant Magnetoresistance (GMR) sensors.
The authors developed a 1 × 8 linear magnetic sensor vector
designed for applications such as particle tracking. The system
is implemented in standard Complementary Metal-Oxide Semi-
conductor (CMOS) mixed-signal TSMC 180 nm technology. We
are presenting here a preliminary characterization by means of
standard Cadence/Virtuoso simulations, including synthetic results
from flowing-particle modeling. Unlike conventional frame-based
systems, this SCD-based architecture expands the state of the art
by performing hardware-level data filtering, drastically reducing
data redundancy and power consumption. This makes the system
particularly suitable for real-time applications such as high-speed
particle sorting or low-latency biomagnetic monitoring, where
efficient data throughput is critical.

Keywords-—Event-Driven (ED); Resistive Sensors; Giant Magne-
toresistance (GMR); Selective-Change-Driven (SCD).

I. INTRODUCTION

In general terms, the neuromorphic approach can be under-
stood as the reformulation of classical computing systems into
architectures and topologies that attempt to mimic the behavior
of the human brain [1]. It involves mimicking biological
neurons with artificial equivalents. Unlike classic sensors that
require post-sensing processing, bio-inspired systems respond
directly to events, integrating perception and cognition within
their topology. The aim of neuromorphic-inspired sensors
is to create systems capable of generating a final response
to an event by implementing the combined functions of
perception and cognition in their topology. In this sense, Event-
Driven (ED) sensors, also called Address Event Representation
(AER) sensors, show clear advantages when compared with
conventional sensors, in those scenarios where high speed
or limited bandwidth is a must. This is of particular interest
for vision sensors. In these architectures, the basic nodes (or
pixels) consist of a photoreceptor (commonly a photodiode)
together with the electronics (comparators, amplifiers and
addressing management) required for adequately identifying
and ‘addressing’ the proper triggered pixels. A particular
strategy within AER vision sensors is the Selective Change
Driven (SCD) approach [2]. In SCD systems, events are
collected at the time they are produced, orderly chosen
according to the magnitude of their change. For implementing
such a strategy in silicon, some memory elements must be
included in each pixel (commonly capacitors), as well as a
specific selection circuit (such as Winner-Take-All, WTA, or
similar). The use of SCD schemes have traditionally focused

Sensing &
conditioning

Comparator
Differentiator

Winner Takes
All - On

Winner Takes
All - Off

Logic &
Addressing

reset

address

level

Figure 1. GMR Node scheme.

on movement detection and analysis [3], but the concept can
be extended to many vision applications.

The Event-Driven concept is not limited to vision sensors [4],
in fact, successful AER approaches have been reported for
artificial cochleae [5] and magnetostrictive tactile sensors [6].
In both cases, a unique sensor (a microphone and a mechanical
sensor) is considered. In addition, bio-inspiration could also
be applied to sensing arrays not having counterparts within
the human sensory systems, such as Ion-Sensitive Field Effect
Transistors (ISFET) sensors [7], piezoresistive sensors [8], or
Giant Magnetoresistance (GMR) sensors [9]. For implementing
these proposals, integrable sensing elements should be used,
replacing the function of the photodiodes.

We propose to apply a neuromorphic approach to magnetic
sensing. As a test bench, we have developed a 1 × 8 linear
magnetic sensor having an SCD topology together with GMR
sensors, implemented in standard CMOS mixed-signal TSMC
180 nm technology. While the current version utilizes external
GMR connections for initial characterization, the architecture
is designed for future monolithic integration where sensors will
be deposited directly onto the chip. The rest of the paper is
organized as follows: Section II describes the circuit topology
and its specific functional blocks; Section III presents the
validation results with both electrical pulses and magnetic
particle modeling; and Section IV concludes the work and
discusses future research directions.

II. CIRCUIT TOPOLOGY

The general scheme of a SCD node [3] is depicted in Figure 1.
The current sensor signal level is continuously compared against
a sampled and hold value from the last time that sensor in the
array was read-out. The difference between the last read-out
and current values are rectified and amplified by means of
a circuit based on a couple of Operational Transconductance
Amplifiers (OTA). The differences Idiff of all nodes in the array
are compared among them to obtain a set of winners with the
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Figure 2. Analog input interface.

larger differences thanks to an analog Winner-Take-All (WTA)
circuit. The distributed logic digital circuits take just one single
winner from the set of winners. All this process takes place
at each read-out clock cycle, ensuring that each access to the
chip yields the output of the sensor that have undergone the
largest change, since the last time that specific sensor of the
array was read out. A detailed description can be found in [3].

A. Sensing and Conditioning

A significant contribution of this work is the sensing and
conditioning block. Here, these pixels, commonly based on
photodiodes are substituted by magnetic ones, based on GMR
sensing elements.

The analog front-end is shown in Figure 2. It is based on a
conventional current source and a differential amplifier with
adjustable transconductance through the biasDA terminal. In
this configuration, the architecture implements a reference by
performing a global averaging of the sum of all sensors. This
generates a dynamic baseline that is compared against the
signal of the selected GMR element. This strategy enables
the device to amplify local magnetic anomalies relative to
the vector’s mean, effectively canceling background magnetic
fields.

B. Comparator / Differentiator

The identification of a winning resistive sensor within the
array is determined by the transition of the out node in the
capacitive-feedback comparator. In the architecture seen in
Figure 3, a winner is defined as a sensor that experiences a mag-
netic field change significant enough to overcome a predefined
threshold. Unlike traditional static comparators, this topology
treats the in node as a dynamic input, where the capacitors
C1 and C2 serve to decouple the DC magnetic baseline and
focus exclusively on the voltage swing representative of GMR
resistance fluctuations.

The operation is divided into a calibration (reset) phase
and a sensing (competition) phase. During reset, the winneg
signal activates the feedback transistor M1, biasing the inverter
(formed by M3 and M2) at its high-gain trip point. This process
stores the quiescent environmental magnetic state across the

M3

M
1

M2

winneg

C
1

C
2

in

vpolcomp

out

VDD

Figure 3. Comparator.

capacitors. When winneg is released, the comparator becomes
highly sensitive to any local deviation (Vin) from this stored
baseline. The sensitivity of the "winner" detection is controlled
by vpolcomp, which regulates the bias current of the inverter
stage, determining the speed and the minimum ∆V required
to flip the out signal.

A sensor is identified as a potential winner when its out
node transitions, signaling that the local magnetic transient has
exceeded the threshold. Unlike conventional WTA architectures
that employ a master-slave bias scheme to force the selection of
at least one winner, this topology leverages the high open-loop
gain of the M3/M2 stage to amplify small-scale anomalies
relative to the global average. By adjusting the vpolcomp
bias, the system can modify the effective gap required to trigger
an event, allowing the sensor to distinguish between localized
magnetic field of interest and broad environmental noise.

C. Winner-Take-All ON / Winner-Take-All OFF

The Winner-Take-All (WTA) circuit plays a key role in
event-driven applications where a single element must be
selected according to its relevance [10]. The signal is processed
by two logic blocks: WTAon and WTAoff circuits, shown
in Figure 4, respectively. These blocks are responsible for
the decision-making core of the device. They compare the
transient signal against a dynamic global reference, ensuring
that only the most significant positive or negative fluctuations
result in an event trigger. The decision-making stage identifies
significant transients in the magnetic signal by employing
two complementary blocks. The WTAon Figure 4 (a) block is
responsible for detecting magnetic signal increases. It utilizes
an N-channel Metal-Oxide-Semiconductor (NMOS)-core high-
gain stage where the input voltage is converted into current.
When a local signal experiences a positive excursion that
exceeds the global baseline by a predefined threshold, the
high open-loop gain of the stage drives the corresponding win
node high, signaling a positive magnetic event. Conversely,
the WTAoff block in Figure 4 (b) is designed to monitor
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Figure 4. Combined view of the decision-making digital core: (a) ON-event
and (b) OFF-event detection.

signal decreases using a P-channel Complementary-Metal-
Oxide (PMOS)-core topology. By tracking the lowest signal
values relative to the established baseline, the circuit triggers
an output event for the specific sensor where the voltage drop
is most pronounced. In both blocks, the sensitivity to these
subtle anomalies is regulated by the bias current, allowing
the system to distinguish localized magnetic signatures from
broad environmental noise. This dual-path architecture provides
separate channels for ON and OFF events, acting like a filter
that ignores the constant background and only reacts when
a sensor sees something different from its neighbors. By
performing this comparison in the analog domain through
current competition, the system avoids the power overhead of
high-speed digital sampling, maintaining the energy efficiency
required for low-power, high-speed applications.

D. Logic / Addressing

Output management is handled asynchronously, as shown in
Figure 5, by asserting column requests (colRQ). The single-
winner selection circuit grants access via the colGR signal,
which simultaneously serves as a reset mechanism for the
winning channel to initiate a new competition cycle. Once

Column output amplifier

Column single winner select
Clk

SCDena
Comp

Column decoder
Column encoder

Xaddr[2:0]

senRQ[0:7]

out

1x8 GMR Vector

Selection and addresing framework

Figure 5. Sensor block with the digital single-winner selection.

arbitration is resolved, an Address Encoder translates the phys-
ical sensor position into a 3-bit digital word (Xaddr[2:0]).
This process is synchronized by the Clk and Comp signals to
prevent digital switching noise from coupling into the sensitive
analog front-end. Finally, the infrastructure provides operational
versatility through the SCDena signal, enabling a standard
readout mode where a 3-to-8 decoder allows for individual
sensor calibration against the global average.

III. VALIDATION

The validation of the proposed architecture is executed
through a two-stage simulation process to verify the overall
logic consistency and the system’s response to realistic mag-
netic stimuli. Initially, the sensing and conditioning blocks
are subjected to idealized stimuli, just to characterize the
fundamental behavior of the winner selection mechanism. Then,
the system is integrated with a behavioral model of a magnetic
particle environment, using the Magpylib library to simulate
the trajectory of magnetized particles over the 1 × 8 sensor
vector. The developed device has been tested by means of
Cadence/Virtuoso/Spectre simulations, the golden standard in
microelectronics design.

A. Excitation by Pulses

The first stage of validation focuses on the winner identifica-
tion logic through a series of controlled transient injections. In
this phase, the front-end is subjected to a series of calibrated
square pulses applied sequentially to each sensing node. This
approach is not intended to emulate the physical behavior of
a magnetic particle, which produces a significantly different
signal profile in reality. Instead, these square pulses serve as a
deterministic electrical stimulus to verify the logic mapping of
the competitive core. By triggering the sensors in a discrete,
sequential order, the simulation confirms that the WTAon and
WTAoff architectures can correctly identify the winning channel
within the 1 × 8 vector. Results are collected in Figure 6.
These results validate the timing and response of the core,
ensuring that no event collisions occur during the sequential
identification of the winning channels.

B. Particle Tracking

Then, having in mind the subsequent application of magnetic
particle tracking, a specific simulation experiment was designed.
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Figure 6. Excitation by pulses: System Clock ; WTAon / WTAoff ; Input
square stimuli (Vpeak = 10mV); Output response; Winner selection logic.

Figure 7. Response to a flowing particle through the 8 sensing elements.

Synthetic responses of magnetic microparticles flowing through
a microfluidic channel were obtained using MagPyLib model-
ing. These data were used as excitation signals for the circuit.
The results are collected in Figure 7. As observed, the system
tracks the flow of the particles, identifying them individually.

IV. CONCLUSION AND FUTURE WORK

A neuromorphic interface for resistive sensors has been de-
veloped and validated. Cadence/Virtuoso/Spectre demonstrated
both the proper function of the system and its capability of
tracking and identifying individual magnetic microparticles.
Future research directions will focus on the transition from
simulation to physical prototyping. A primary objective is the
execution of a tape-out in 180 nm Complementary Metal-Oxide-
Semiconductor (CMOS) technology to characterize the impact
of thermal noise and substrate coupling on the sensitivity of
the analog core under real operating conditions. Furthermore,
we intend to quantify the system’s common-mode rejection
capabilities; while GMR elements are naturally sensitive to
ambient fields, the architecture uses the global average of the
sensor vector as a dynamic reference; this allows the system to
cancel out widespread environmental noise while detecting only
the localized magnetic changes caused by a passing particle.
Looking ahead, the architecture is intended to be scaled into
two-dimensional (N ×M ) arrays, which will necessitate the
exploration of hierarchical Winner-Take-All (WTA) structures
to manage higher event densities without compromising power
efficiency. Finally, the integrated system will be validated
within a microfluidic setup to assess its performance in

high-throughput particle sorting and biomagnetic monitoring
applications.
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Abstract— Precision agriculture relies on high-fidelity data for 

optimal crop management. However, multispectral sensors 

mounted on Unmanned Aircraft Systems (UAS) are susceptible 

to significant electromagnetic noise—including thermal, 

sensor-specific, and motion-induced sources—which degrades 

data quality and classification accuracy. This paper addresses 

the critical issue of denoising electromagnetic sensor spectra, 

particularly across the visible RED, and Near-InfraRed (NIR) 

bands. We present a comparative analysis of four denoising 

techniques: a 1D Convolutional Neural Network (1D-CNN), a 

Denoising Convolutional Network (DnCNN), a Convolutional 

Autoencoder (CAE) implemented in TensorFlow, and a 

proposed hybrid architecture combining a low-pass analog 

operational amplifier filter with a CNN-Long Short-Term 

Memory (CNN-LSTM) network. Performance is evaluated 

using Mean Relative Error (MRE), Peak Signal-to-Noise Ratio 

(PSNR), and the Structural Similarity Index Measure (SSIM). 

Numerical results indicate that while pure deep learning 

models excel at handling random noise, the proposed hybrid 

approach provides superior preservation of critical spectral 

features in the NIR region—crucial for crop stress analysis—

while enhancing efficiency by reducing the computational load 

on the network. 

Keywords-electromagnetic light-band sensors; signal filtering; 

convolutional neural network; operational amplifier; 

agricultural sensor; intelligent instrumentation. 

I.  INTRODUCTION 

Noise in electromagnetic (EM) sensor spectra represents 
unwanted energy—both internal and external—that obscures 
the desired measurement signal [1]. It is characterized by 
Power Spectral Density (PSD) across various frequencies 
and sets the fundamental limits of sensor sensitivity (often 
defined as the Noise Equivalent Intensity or Noise Floor). 
Noise in EM systems is categorized by its origin and spectral 
characteristics, including thermal noise (Johnson-Nyquist 
Noise) caused by the random thermal motion of electrons in 
resistive components, recognized as White Noise (constant 
amplitude across frequency); flicker noise, which is  
dominant at low frequencies; shot noise, which  arises from 
the discrete nature of electrons crossing potential barriers 
(e.g., in junctions); environmental noise (EMI), which occurs 
due power lines, motors or even from natural signals, like 
lightning for instance, that couple into the sensor via 
radiation or conduction; Random Telegraph Noise (RTN), 
which is related to high-frequency switching between two 
resistance states due to defects in the sensor's free layer, i.e.,  
common in magnetic sensors. In fact, the noise spectrum of a 

sensor often shows a high-frequency white noise plateau and 
a rising noise floor at low frequencies due to noise [2].  

Table I shows a summary of noise sources related to 
electromagnetic sensors.  

 
TABLE I.  TYPICAL NOISE SOURCES 

 

Type Description 
Frequency 

Dependency 

Thermal 
Brownian motion of 

electrons 
White (Flat) 

Flicker (1/f) 
Trap-and-release of 

charges 
Proporcional 

to 1/f 

Shot 
Quantized nature of 

charge 
White (at high 

bias) 

Environmental 
External EMI 

(50/60Hz, harmonics, 
among others) 

Varies (Spikes) 
 

Microphonics Mechanical vibrations Low frequency 

 
Typical techniques to mitigate noise from the 

ElectroMagnetic (EM) spectrum, which is closely known as 
ElectroMagnetic Interference (EMI) reduction or 
ElectroMagnetic Compatibility (EMC) management, focus 
on grounding, shielding, filtering, and physical layout 
optimization. These methods aim to reduce the emission of 
noise at the source and increase the immunity of devices to 
external interference, i.e., improving the Signal to Noise 
Ratio (SNR). In such a context, signal filtering plays an 
important role, since it is a fundamental process in electrical 
engineering and signal processing, designed to separate, 
remove, or enhance specific components of a signal (such as 
noise, interference, or irrelevant frequencies). 

Traditional filtering methods, whether analog or digital, 
are generally linear and require extensive prior knowledge of 
noise characteristics, making effective signal separation 
difficult when signal and noise overlap in the frequency 
domain [3]. This limitation has motivated the adoption of 
Convolutional Neural Networks (CNNs) as adaptive, non-
linear, data-driven filters that can be optimized based on the 
specific characteristics of the signal [4]. However, the 
dynamic nature of real-world environments necessitates 
retraining these models to maintain error margins within 
acceptable limits. Data samples used for training can lose 
their validity over time—a phenomenon known as data 
decay or obsolescence—which leads to performance 
degradation as current data deviates from the training 
distribution, causing concept drift. 

Conversely, in complex signal or image processing, a 
single traditional filter often falls short. CNNs, leveraging 
multiple hidden layers, automatically extract hierarchical, 
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complex patterns—ranging from low-level features (e.g., 
edges, peaks) to high-level semantic representations [5]. A 
CNN applies learned kernels to an input (e.g., a 1D signal or 
image) to produce a feature map. While this process is 
analogous to Finite Impulse Response (FIR) filtering, the key 
advantage is that the weights (kernels) are learned directly 
from the data through backpropagation rather than being 
handcrafted. 

Therefore, selecting the optimal filter for Signal-to-Noise 
Ratio (SNR) improvement requires a strict evaluation of 
advantages and disadvantages, balancing the need for 
aggressive noise mitigation with the preservation of critical 
signal features.  

In this context, hybrid filter architectures—combining the 
adaptability of CNNs with the reliability of traditional 
techniques—represent an emerging paradigm for 
customized, sensor-driven signal processing that warrants 
further investigation. 

The utilization of multispectral sensors for monitoring 
maize crops has revolutionized precision agriculture [6], 
enabling the assessment of chlorophyll content, hydration 
status, and plant stress through the identification of specific 
reflectance patterns in the Near-InfraRed (NIR) and red-edge 
spectral bands. Despite their advantages, images collected by 
UAS-mounted sensors frequently suffer from electrical and 
magnetic interference [7]. 

Electromagnetic noise can arise from atmospheric 
conditions, sensor electronics, and UAS-motor interferences, 
often presenting as Gaussian noise or complex artifacts. 
These noises contaminate the spectral data, leading to 
incorrect vegetation indexes. 

To address the limitations of traditional EMI suppression 
methods, this paper proposes a hybrid approach combining 
analog filtering with a CNN. The core novelty lies in a two-
stage approach: a low-power analog front-end that provides 
robust, immediate mitigation of broad-band noise, followed 
by a post-processing CNN that adapts to the specific, 
complex features of each light-bands signals.  

This combination provides both high-frequency 
attenuation and intelligent, non-stationary noise handling, 
surpassing the performance limitations of standard filtering 
techniques. In fact, traditional noise reduction methods 
(Gaussian filtering) frequently struggle to differentiate 
between sensor noise and relevant agricultural spectral 
signatures. This study evaluates not only Deep Learning-
based approaches but also hybrid architecture for processing 
multispectral data from maize crops. 

Furthermore, comparative analyses are conducted using 
the Mean Squared Error (MSE), Peak Signal-to-Noise Ratio 
(PSNR), and the Structural Similarity Index (SSIM) metrics, 
which preserve crucial spatial-spectral information for 
accurate agricultural diagnostics.  

Following this introduction, the remainder of this paper is 
organized as follows. Section II outlines the materials and 
methods, including agricultural datasets, feature descriptors, 
and evaluated noise-filtering architectures. Section III 
provides a comparative analysis of results based on PSNR, 
SSIM, and MRE metrics. Finally, Section IV presents the 
conclusions. 

II. MATERIALS AND METHODS  

A MicaSense RedEdge-M multispectral camera has been 

considered and embedded onboard, i.e., using a multirotor 

UAS, DJI Matrice 100 (Figure 1). The specifications of the 

multispectral sensors from the Micasense camera are detailed 

in Table II [8]. 

To capture the various phenomenological states of the 

maize, eight distinct imaging flights were carried out [9]. In 

addition, for the light bands data acquisition protocol, the use 

of the Ground Control Points (GCP), a high-precision GPS 

in conjunction with a Real-Time Kinematic (RTK) receiver 

(i.e., allowing accuracy of ± 1 cm, and a Downwelling Light 

Sensor (DLS) to allow images’ contrast correction due to 

possible superimposition of clouds in the sky has been 

considered. 

TABLE II.  SPECIFICATIONS FOR THE MICASENSE CAMERA 

 
 

 
 

Figure 1. The UAS and hardware setup with sensors for the electromagnetic 

bands for signals acquisition. 

 

Furthermore, in accordance with the UAS settings and the 

onboard light-band sensors, for all the flights, the morning 

periods have been considered to be a time from 11 A.M. to 

12 A.M.  

To validate the denoising method, for the electromagnetic 

sensors, when operating in maize crops, an experimental trial 

was conducted following the cultural management standards 

of Embrapa Instrumentation. The agricultural experiment 

took place at the National Reference Laboratory for 

Precision Agriculture (LANAPRE), in São Carlos, SP, 

Brazil, near coordinates 21°57’3.9” S and 47°51’10.9” W. 

The experimental area of 4,000 m² cultivated with maize 

(Zea mays L.) was managed under precision agriculture 

30Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

ALLSENSORS 2026 : The Eleventh International Conference on Advances in Sensors, Actuators, Metering and Sensing

                            38 / 50



      

 

principles. As illustrated in Figure 2, the Pioneer P4285 

VYHR flat-grain hybrid was used, sown at a density of 5 

seeds per linear meter and a spacing of 0.90 m between rows. 

The layout consisted of forty blocks of 12 rows each (60 

rows total), resulting in 600 plants per block and a total 

population of 24,000 seeds. 

 

 
 

Figure 2. Partial view of the maize experimental field during flight 8, taken 

prior to the critical reproductive stages (silking, blister, dough, dent, and 

physiological maturity). 

 

The block diagram in Figure 3 illustrates the sensor-based 

denoising architectures analyzed in this study. Based on data 

from the multispectral camera, we use both original and 

filtered signals to evaluate, as an example, the Normalized 

Difference Vegetation Index (NDVI). The NDVI [10-11] 

utilizes linear combinations of the RED (668 nm ± 10 nm) 

and Near Infra-Red (NIR) (840 nm ± 40 nm) bands to 

monitor biomass density. For agricultural applications, this 

index is generally analyzed within the 0.0 to 1.0 range.   

Besides, prior to calculating the NDVI indices, the analog 

and digital signals (post A/D conversion) were filtered using 

several approaches: 1D Convolutional Neural Network (1D-

CNN) [12], Denoising Convolutional Neural Network 

(DnCNN) [13-15], and a Convolutional Autoencoder (CAE) 

implemented in TensorFlow, CAE (TensorFlow) [16-17]. 

The performance of these models was compared against a 

hybrid architecture integrating a active low-pass Butterworth 

Op-Amp filter [18-19] with a Convolutional Neural 

Network-Long Short-Term Memory (CNN-LSTM) [20]. 

 

  

Figure 3. The sensor-based arrangement for the comparative study for 
denoising the EMI based on advanced architectures. 

 

     Regarding the filter`s architecture, the 1D-CNN for 

Electromagnetic Interference (EMI) noise reduction, it is a 

deep learning approach that directly analyzes, cleans, and 

removes unwanted noise from one-dimensional time-series 

or frequency-domain data. Unlike traditional filtering 

methods that rely on fixed mathematical transformations, 1D 

CNNs automatically learn to distinguish between desired 

signals and noise patterns directly from raw data, resulting in 

accurate and robust denoising—particularly for complex and 

non-stationary noise. This specialized network uses 

convolutional kernels (filters) that slide along a single 

dimension to extract features. It consists of input layers (for 

receiving noisy raw data), multiple convolutional layers (for 

feature extraction), and pooling layers (for down sampling to 

reduce dimensionality), often structured as an autoencoder 

that transforms noisy inputs into improved, reconstructed 

outputs. The network is trained on pairs of noisy and clean 

signals; through backpropagation, it learns to maximize the 

SNR and minimize the Mean Squared Error (MSE) between 

the input and output. In this work, it was implemented as a 

Convolutional Autoencoder, where the encoder compresses 

the noisy waveform into a latent representation of key 

features, and the decoder reconstructs the signal with 

improvements.   

The DnCNN architecture, short for denoising 

convolutional neural network, is a deep learning-based 

model designed to remove noise from images (and signals in 

general) while preserving structural details. Also, unlike 

traditional denoising methods that often blur images, 

DnCNN leverages residual learning to specifically learn the 

noise in an image and subtract it, resulting in sharper and 

higher-quality outputs.  

The core components of DnCNN are centered on residual 

learning, where the network is trained to learn the residual 

noise, i.e., the difference between the noisy and an improved 

image, instead of the direct mapping from noisy to improve 

the SNR. This approach can allow the training process more 

efficient and accurate. For this work, we used an architecture 

that also incorporates batch normalization layers between 

convolutional layers and rectified linear units, a technique 

that speeds up training and accelerates convergence. We also 

used a deep architecture composed of 20 layers of 3x3 

convolutions, and pooling layers were intentionally avoided 

to retain essential structural information.  

In addition, a Convolutional Autoencoder (CAE) was 

implemented in TensorFlow. It serves as a powerful deep 

learning approach for EMI noise reduction, utilizing 

unsupervised neural networks to identify, isolate, and 

remove unwanted electromagnetic noise from captured 

electronic signals. In this work, the CAE is employed to 

process digitally converted, noisy EMI signals captured from 

camera sensors, mapping these corrupted inputs back to a 

clean, reconstructed state. The architecture consists of an 

encoder, which uses convolutional layers to compress input 

signals into a lower-dimensional latent representation, 

filtering out random noise while retaining essential features, 

31Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

ALLSENSORS 2026 : The Eleventh International Conference on Advances in Sensors, Actuators, Metering and Sensing

                            39 / 50



      

 

and a decoder, which reconstructs the denoised signal from 

this compact representation. Leveraging the TensorFlow 

framework, the CAE is trained on pairs of noisy and clean 

data to learn the underlying, noise-free structure of the 

signal. By focusing on the core signal structure of specific 

electromagnetic bands, the network learns to ignore high-

frequency, chaotic EMI noise. This trained model efficiently 

removes random noise while preserving crucial signal 

components. Moreover, a hybrid approach combining a low-

pass active Op-Amp filter with a subsequent CNN-LSTM 

model was implemented for evaluation. This multi-stage 

strategy leverages hardware speed to eliminate high-

frequency noise while using data-driven modeling to remove 

complex, non-stationary residual interference. The technique 

operates in two stages: first, an active low-pass analog filter 

acts as a pre-processing step to reduce broadband EMI, 

particularly differential-mode noise. Second, the CNN-

LSTM model processes the partially filtered signal to 

remove nonlinear, non-Gaussian, and non-stationary noise 

that analog filters cannot eliminate. This CNN-based 

modality extracts spatial-structural features, effectively 

capturing local temporal-frequency characteristics.  

Figure 4 illustrates the second-order Butterworth low-pass 

filter implemented in this work for each light band. This 

circuit features a non-inverting Op-Amp configuration with 

two RC networks to define the frequency response. The 

corresponding Bode plot demonstrates a characteristic -40 

dB/decade roll-off in the stopband. Furthermore, the filter's 

response is contingent upon the voltage magnification factor 

(Q) at the cutoff frequency. 

 

 
 

Figure 4. Hardware architecture of the second-order Butterworth low-pass 
filter used for light-band sensor signal filtering. 

 

The cutoff frequency is given by (1) as follows. 

 

 
(1)  

For the Butterworth response, it is common to set R2=R3 

surface mount resistors and C2=C3 ceramic capacitor. For a 

cutoff frequency of 200 kHz with 100 pF capacitors, the 

resistor value should be equal to 8.2 k. To maintain the 

Butterworth response (quality factor Q = 0.707) in a Sallen-

Key topology of equal components, the Op-Amp gain was 

fixed at around 1.6 through the feedback resistors. For this 

work, we have selected the Analog Devices LTC 6269 Op-

Amp, which has a 500 MHz Gain-Bandwidth Product 

(GBW), ultra-low bias current FET-input.  

Furthermore, to improve SNR, all the collected signals 

were filtered, and each ROI was rotated, i.e., taking into 

consideration the angle calculation by (2) as follows. 

 

 

(2) 

 

where the parameters (-tx), and (-ty) correspond to the 

translation of the ROI to the origin, whereas (tx), and (ty) can 

allow shifting it back to its original position. 

Additionally, the evaluation of the different filtering 

processes was conducted using the MSE, PSNR, and the 

SSIM metrics [21].  

The MSE gives a measure about the average of the 

squares of the errors, which are the differences between 

corresponding pixel intensities in the original and distorted 

images. It is given by (3) as follows. 

 

 
(3) 

      

The PSNR is the ratio of maximum signal intensity to 

distortion noise, expressed in decibels (dB). Higher values 

signify better quality, making it a vital metric for denoising 

applications requiring high pixel-level precision. It is 

calculated using (4), with MAXv defined as the maximum 

potential pixel value for the given digital image format. 

 

 

(4) 

 

The SSIM is a perception-based image quality metric that 

evaluates the similarity between two images (typically an 

original image and a distorted or noisily image by 

measuring luminance, contrast, and structural degradation. It 

is calculated using (5) as follows. 

 

 
(5) 

 

where x is the pixel sample mean of x, y is the pixel 

sample mean of y, (x)
2 is the sample variance of x, (y)2 is 

the sample variance of y, xy the sample covariance of x and 

y, c1,and c2 are variables to stabilize the division with weak 

denominator, i.e. to avoid division by zero. Using SSIM 

alongside PSNR is crucial because PSNR measures pixel-

level technical error (noise removal strength), while SSIM 

evaluates perceptual structural similarity (edge/detail 
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preservation). PSNR often favors blurry images, whereas 

SSIM ensures denoised images remain visually clear to 

human perception, preventing over-smoothing. 

III. RESULTS AND DISCUSSIONS  

Radiometric calibration was performed previously to the 

multispectral signal and image acquisition, in fact it was 

necessary to collect both analog signals from the RED and 

NIR sensors, as well as to convert then in digital, as 

metadata, for the digital image to a physical scale.  

Besides, the geometry of the aerial image was established 

by the size of the sensor, the focal length, and the height of 

the UAS flights, which together determine its Ground 

Sample Distance (GSD), as presented in Table III. The GSD 

provides the corresponding measure for the pixels of the 

surface of the experimental area or the area covered by the 

image. The percentages established for both the lateral and 

frontal overlapping of the aerial images were equal to 80% 

respectively. 

The total number of registered images was equal to 320 

for each spectral band, i.e., leading to a required storage 

capacity equal to 14.76 GB (gigabytes), because the surface 

width and height were equal to 25 m × 80 m, respectively, 

and the distances between each front and side capture were 4 

m and 5 m, respectively.  

TABLE III.  PARAMETERS USED FOR DATA ACQUISITION 

 
 

Figure 5 shows example results from the eighth flight, 

featuring rotated images and their corresponding Regions Of 

Interest (ROI) for block 25 analysis. The images are 

displayed in RGB, NIR, and RED light-bands, which were 

used to calculate NDVI values.  

 

 
 

Figure 5. Analysis using the original electromagnetic light-bands (Block 25, 
Flight 8): (a) RGB, (b) NIR, (c) ROI NIR, (d) RED, and (e) ROI RED. 

Table IV presents a numerical comparison of CNN-only 

architectures versus a hybrid approach that combines a low-

pass active filter with a specific CNN algorithm. Utilizing 

RGB, NIR, and Red light-bands from UAS flight-eight, this 

analysis evaluates performance in maize crop monitoring 

using MSE, PSNR, and SSIM metrics. 

TABLE IV.   NUMERICAL COMPARISON OF CNN-ONLY 

ARCHITECTURES VERSUS A HYBRID APPROACH 

 
 

It was possible to observe that the use of the 1D CNN 

approach for EMI noise reduction is trained on pairs of noisy 

and less-noisy signals. Through backpropagation, it learns to 

maximize the SNR and minimize the Mean Squared Error 

(MSE) between the input and output. It presents high 

accuracy in removing complex, non-stationary noise. 

Besides, it does not require handcrafted features or complex 

pre-processing, operating directly on the raw input data. It is 

also highly efficient and well-suited for this application and 

resource-constrained devices. In this work, the 1D CNN was 

used to invert the EMI data to obtain good images, removing 

noise from raw data to directly estimate values from 

agricultural structures.  

The use of a DnCNN enabled blind Gaussian denoising, 

meaning, it was able to remove noise of unknown or varying 

levels without needing to be retrained for different, specific 

noise intensities. Such a CNN presents high performance, as 

it consistently outperforms traditional methods like BM3D in 

both PSNR and SSIM indices. 

By using a Convolutional Autoencoder (CAE) 

implemented in TensorFlow for noise reduction, it has 

shown that the model learns to ignore high-frequency, 

chaotic noise and focus on the core signal structure. In fact, 

the encoder reduces data dimensionality, essentially filtering 

out random noise while keeping essential signal components. 

In the process, the decoder reconstructs the signal without 

the noise. The observed key benefits include non-linear noise 

modeling and the processing of complex data, making it 

useful for application to EMI sources, including those that 

may occur in agricultural areas. 

Furthermore, the proposed hybrid system—utilizing an 

active 2nd-order Butterworth Op-Amp filter combined with a 

CNN-LSTM model—outperforms standalone 1D-CNN, 

DnCNN, and CARE models in denoising and enhancing 

NDVI across Red and NIR bands. This hybrid architecture 

provides superior PSNR and SSIM, minimizing the MRE by 

handling high-frequency noise via hardware (Butterworth 

filter) and addressing structural/temporal inconsistencies via 

software (CNN-LSTM). Figure 6 illustrates the resulting 
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application of this hybrid architecture after the filtering 

process, using a sample from Block 25 of the eight-flight 

dataset.  

For the CNN-LSTM algorithm it was considered 

convolutional layers to extract the spatial features across 

each RED, GREEN, BLUE, and NIR light-bands, followed 

by the LSTM layers to model temporal dynamics and 

suppress interference. As for all the evaluated CNN in this 

work, such a model was implemented in Python using an 

open-source high-level Application Programming Interface 

(API) to build the neural network (Keras), as well as a 

TensorFlow, where the signal patterns were identified, since 

LSTM layers learn long-term sequence correlations to refine 

the signal, using datasets structured as samples, time steps, or 

even features. 

This arrangement has proved to allow a significant impact 

on the NDVI, as the hybrid model preserves the sharp 

contrast between RED absorption and NIR reflectance.  

Figure 7 shows the NDVI maps before the application of the 

light-bands hybrid filtering process, and after the application 

of the hybrid filter, i.e., carried out during flight 8, taken 

prior to the critical reproductive maize stages.  

  

 
 

Figure 6. Hybrid architecture filtered samples (Block 25, Flight 8): (a) RGB, 

(b) NIR(c), ROI for NIR(d), RED(e), and ROI for RED. 

 
 

Consequently, the resulting NDVI values are closer to 

ground truth (with less than 0.05 deviation), while standalone 

models tend to oversmooth, leading to an underestimation of 

vegetation health and biomass. Working with better-accuracy 

NDVI values is crucial for maize management because it 

enables precise, proactive decision-making that optimizes 

resource use, maximizes yield, and significantly reduces 

costs. In maize production, small inaccuracies in NDVI can 

lead to mismanagement of nitrogen fertilizer, incorrect, 

delayed, or premature irrigation, and an inability to detect 

early-stage crop stress or nutrient deficiencies before they 

become irreversible.  

In such a context, high-accuracy NDVI allows for variable 

rate nitrogen application, ensuring fertilizer is applied based 

on actual plant demand, reducing environmental impact and 

cost. Also, accurate, time-series NDVI data improves yield 

predictions, particularly in the mid-to-late growth stages.  
 

(a) 

(b) 
 

Figure 7. NDVI maps for the maize experimental field from flight 8, 

capturing data prior to the critical reproductive stages of the crop. Map (a) 
shows the results before filtering, while (b) shows the data after applying the 

hybrid filter for electromagnetic noise reduction. 

 

Furthermore, lower NDVI values can indicate drought, 

disease, or pest damage. Accurate data acts as an early 

warning system, allowing farmers to identify stressed zones 

before they are visible to human being eye. 
 

IV. CONCLUSION AND FUTURE WORK 

This work compared 1D-CNN, DnCNN, CAE, and a 

hybrid CNN-LSTM for spectral denoising across 

electromagnetic light-bands used in agriculture. The Hybrid 

CNN-LSTM model provided the best performance, with an 

average PSNR of 37.8 dB and high SSIM, making it suitable 

for high-precision, op-amp-based electromagnetic sensor 

systems. Future research will focus on developing an 

embedded platform that integrates an active filter and a 

Convolutional Neural Network (CNN) for real-time 
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agricultural applications, thereby improving crop 

productivity and optimizing natural resource utilization.  
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Abstract—Thermo-Formed Piezoelectret Accelerometers
(TFPAs) have recently emerged as mechanically tunable
vibration sensors. While previous studies have demonstrated
their sensitivity and structural tunability, the stochastic limits of
vibration detection have not yet been experimentally quantified.
This work presents an operational noise characterization and
band-integrated detection limit analysis of a TFPA under
controlled sinusoidal excitation. The sensor was excited between
50 Hz and 3200 Hz with an acceleration amplitude of 9.81 m/s2

(1 g). Deterministic signal components were separated from
stochastic fluctuations using harmonic regression, and the
residual signals were analyzed through Welch Power Spectral
Density (PSD) estimation to obtain the operational noise
spectrum. The equivalent acceleration noise density was found
to remain on the order of 10−4 g/

√
Hz across most of the

analyzed frequency range. Band-integrated analysis yielded
detection limits of approximately 3.09 mg Root-Mean-Square
(RMS) in the 50–250 Hz band and 22.42 mg RMS over the
full 50–3200 Hz range for a unity Signal-to-Noise Ratio (SNR)
criterion. These results establish the stochastic performance
limits of the TFPA and provide a quantitative assessment
of its operational vibration detection capability under the
present measurement conditions, thereby contributing to a more
complete evaluation of TFPAs as mechanically tunable sensors
for practical vibration monitoring applications.

Keywords- Piezoelectret accelerometer; Vibration sensing; Op-
erational noise characterization; Detection limits; Power spectral
density; Harmonic regression.

I. INTRODUCTION

Piezoelectret-based sensing technologies have emerged as
a lightweight and cost-effective alternative to conventional
piezoelectric accelerometers. Owing to their electret charge
storage capability and mechanically compliant polymer struc-
tures, piezoelectrets enable geometrically tunable transduction
mechanisms that are attractive for vibration sensing applica-
tions [1]–[3].

Recently, a Thermo-Formed Piezoelectret Accelerometer
(TFPA) architecture based on an open tubular polymer electret
structure fabricated by thermo-forming was introduced and
experimentally validated, demonstrating adjustable dynamic
response through seismic mass variation and structural con-
figuration [4][5]. Subsequent investigations provided extended
dynamic characterization under controlled excitation condi-
tions [6] and demonstrated the tunability and application po-

tential of the device in domain-specific scenarios such as agri-
cultural monitoring [7]. Collectively, these studies established
the TFPA platform in terms of design, dynamic response, and
application-oriented tunability.

While sensitivity and frequency response are fundamen-
tal performance metrics [8], they are not sufficient to fully
characterize the detection capability of a dynamic sensor.
The minimum measurable acceleration level is limited by
stochastic noise contributions originating from the sensing
structure, the transduction mechanism, the signal conditioning
electronics, and the data acquisition chain [9]. In accelerometer
research, noise is often reported as voltage noise density
or equivalent acceleration noise density, typically measured
under quiescent or unloaded conditions. However, practical
sensing scenarios commonly involve operation under dynamic
excitation, where deterministic vibration components coexist
with stochastic fluctuations.

When a sensor is subjected to controlled sinusoidal excita-
tion, the measured output contains a deterministic component
phase-locked to the excitation frequency, potentially accom-
panied by higher-order harmonics arising from nonlinearities.
Superimposed on these components is a stochastic contribution
that represents operational noise. If deterministic components
are not explicitly removed, Power Spectral Density (PSD)
estimates may be biased, particularly near the excitation
frequency, leading to inaccurate noise quantification [10].
Furthermore, detection limits derived from spectral quantities
depend on the frequency band over which noise is integrated,
emphasizing the importance of band-specific evaluation rather
than single-value noise floor reporting [11].

To address these aspects, the present study adopts a signal
processing framework for operational noise characterization
under sinusoidal excitation. The deterministic component at
the excitation frequency and its harmonics is estimated via
harmonic regression using sine–cosine basis functions and
subsequently removed from the measured signal. The residual
signal is then analyzed using Welch PSD estimation [10] to
obtain the voltage noise density. By combining the residual
spectral density with the sensitivity estimated through har-
monic regression, an equivalent acceleration noise density
is derived. Band-integrated Root-Mean-Square (RMS) noise
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levels are subsequently obtained by integrating the equivalent
acceleration noise density over specified frequency intervals,
from which the corresponding detection limits are derived
[11]. In addition, the analysis accounts for heterogeneous
acquisition sampling rates by interpolating spectra onto a
common frequency grid bounded by the minimum Nyquist
frequency.

Using this approach, the operational noise characteristics
and band-integrated detection limits of a TFPA equipped with
a 30 g seismic mass are established over the 50–3200 Hz
frequency range under controlled sinusoidal excitation with
an amplitude of 9.81 m/s2 (1 g). The resulting detection
limits provide a metrologically transparent assessment of the
operational sensing capability of the TFPA under the present
measurement conditions.

The remainder of this paper is organized as follows. Sec-
tion II describes the experimental setup and measurement
conditions. Section III presents the signal processing method-
ology used for operational noise estimation and detection limit
calculation. Section IV reports the experimental results, which
are subsequently discussed in Section V. Finally, the main
conclusions of this work are summarized in Section VI.

II. EXPERIMENTAL SETUP

A. Device Configuration

The device under investigation is a TFPA previously in-
troduced and characterized in [5]–[7]. The sensing element
consists of an open tubular thermo-formed polymer electret
structure mechanically coupled to a rigid seismic mass. A
schematic representation of the sensing structure is shown in
Figure 1.

Figure 1. Schematic representation of the TFPA sensing structure.

In the present study, the accelerometer was configured with
a seismic mass of 30 g, corresponding to the configuration
analyzed in the most recent application-oriented investiga-
tion [7]. The electrical output of the TFPA was conditioned
using the same signal conditioning chain described in the
previous studies to ensure consistency in transduction gain
and bandwidth. No modifications were introduced in the
sensing structure or conditioning electronics for the present
measurements.

B. Excitation Conditions

Dynamic characterization was performed using controlled
electrodynamic excitation. The accelerometer was mounted on
a vibration exciter together with a reference accelerometer and
subjected to sinusoidal acceleration with a nominal amplitude
of 1 g. A schematic representation of the experimental setup
is shown in Figure 2.

Figure 2. Experimental setup used for dynamic characterization of the TFPA.

Sinusoidal excitation was applied over the frequency range
from 50 Hz to 3200 Hz.

The excitation level was monitored using a calibrated Brüel
& Kjær 8305 reference accelerometer connected to a B&K
2635 charge amplifier configured with an output sensitivity of
316 mV/g.

C. Data Acquisition

For each excitation condition, three synchronized time-
domain signals were recorded:

• time vector t (s),
• output voltage of the reference accelerometer vref (V),
• output voltage of the TFPA vtfpa (V).
The sampling frequency of each record was determined

directly from the time vector as the inverse of the median
sampling interval. Since the dataset contains records acquired
at different sampling frequencies, this variability is accounted
for in the signal processing procedure described in Section III.

III. SIGNAL PROCESSING AND OPERATIONAL NOISE
ESTIMATION

This section describes the signal processing procedure used
to separate deterministic excitation components from stochas-
tic noise in the measured TFPA signals. The methodology
includes harmonic regression for removal of the deterministic
response, PSD estimation of the residual signal, and the
derivation of equivalent acceleration noise density and band-
integrated detection limits.

A. Pre-processing and Sensitivity Estimation

For each excitation frequency f0, the acquired time-domain
signals vtfpa(t) and vref(t) were first centered by subtracting
their mean value in order to remove DC offsets:

v(t)← v(t)− v (1)

37Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-388-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

ALLSENSORS 2026 : The Eleventh International Conference on Advances in Sensors, Actuators, Metering and Sensing

                            45 / 50



where v denotes the arithmetic mean over the record dura-
tion.

The fundamental amplitude of the TFPA output at the
excitation frequency was estimated using harmonic regression.
The measured signal was projected onto sine and cosine basis
functions at f0:

vtfpa(t) ≈ A1 sin(2πf0t) +B1 cos(2πf0t) (2)

The peak amplitude of the fundamental component was then
obtained as

Vamp =
√
A2

1 +B2
1 . (3)

Since the excitation amplitude was experimentally adjusted
to 1 g peak-to-peak, the corresponding peak acceleration
amplitude is ap = 0.5 g. The sensitivity of the accelerometer
was therefore calculated as

S(f0) =
Vamp

0.5 g
[V/g]. (4)

This procedure was repeated for all excitation frequencies,
resulting in a discrete sensitivity curve S(f0) over the 50–
3200 Hz range.

B. Harmonic Regression and Residual Signal Definition

Under sinusoidal excitation, the measured signal may con-
tain higher-order harmonics due to nonlinearities in the sensing
structure or conditioning electronics. To isolate the stochastic
component, harmonic regression including up to H harmonics
was performed:

v̂(t) =

H∑
h=1

[Ah sin(2πhf0t) +Bh cos(2πhf0t)] . (5)

The number of harmonics was selected as

H = min

(
5,

⌊
Fs/2

f0

⌋)
, (6)

ensuring that harmonic components did not exceed the
Nyquist frequency while limiting overfitting.

The residual signal, interpreted as operational noise, was
defined as

r(t) = vtfpa(t)− v̂(t). (7)

C. Power Spectral Density Estimation

The residual signal was analyzed using Welch PSD estima-
tion with a Hann window, segment length of 512 samples, and
50% overlap. The PSD estimate is denoted as

Prr(f) [V2/Hz]. (8)

where Prr(f) denotes the PSD of the residual signal r(t).
The corresponding voltage noise density was computed as

SV (f) =
√
Prr(f) [V/

√
Hz]. (9)

The Welch method provides statistical averaging through
segmentation of the residual signal, allowing stable spectral
estimation of the noise spectrum.

D. Common Frequency Grid for Heterogeneous Sampling
Rates

Measurements acquired at different sampling frequencies
lead to PSD estimates with different frequency resolutions
and Nyquist limits. To allow consistent aggregation across
excitation conditions, the individual PSDs were interpolated
onto a common frequency grid.

The common grid was defined using the largest frequency-
bin spacing among all records and was limited to the smallest
Nyquist frequency observed in the dataset. Each individual
spectrum was then mapped onto this grid using piecewise
linear interpolation.

The median voltage noise density across all excitation
conditions was then computed as

Smed
V (f) = mediani{SV,i(f)}, (10)

where i indexes the excitation frequencies. The median was
adopted as a robust central estimator in order to reduce the
influence of occasional residual spectral peaks and inter-record
variability.

E. Equivalent Acceleration Noise Density
The frequency-dependent sensitivity curve S(f) was ob-

tained by interpolating the discrete sensitivity estimates S(f0)
onto the common PSD frequency grid using piecewise linear
interpolation. The equivalent acceleration noise density was
then computed as

Sa(f) =
Smed
V (f)

S(f)
[g/
√
Hz]. (11)

F. Band-Integrated Detection Limits
The band-integrated RMS acceleration noise over a fre-

quency interval [f1, f2] was computed as

an,RMS =

√∫ f2

f1

S2
a(f) df. (12)

In discrete form,

an,RMS =

√ ∑
fk∈[f1,f2]

S2
a(fk)∆f. (13)

The resulting quantity, expressed in g RMS, is defined as
the band-integrated operational detection limit for the specified
frequency interval.

IV. RESULTS

This section presents the experimental results obtained from
the TFPA measurements under controlled sinusoidal excita-
tion. The analysis focuses on three main aspects: the sensitivity
of the sensor S(f), the operational noise spectrum SV (f)
obtained from the residual signals after harmonic regression,
and the resulting band-integrated detection limits derived from
the equivalent acceleration noise density Sa(f).
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A. Sensitivity and Signal-to-Noise Ratio

The sensitivity of the TFPA was obtained from the funda-
mental harmonic amplitude extracted via harmonic regression,
according to (4). The resulting sensitivity curve exhibits a
pronounced maximum near the resonance region, while the
remaining excitation frequencies present substantially lower
sensitivity values.

Figure 3 presents the frequency dependence of the TFPA
sensitivity obtained from the harmonic regression procedure.

Figure 3. Sensitivity S(f) of the TFPA obtained from harmonic regression.

To evaluate the consistency of the sensitivity estimation
procedure, the sensitivity obtained directly from the time-
domain [7] was compared with the sensitivity derived from
the fundamental component estimated through harmonic re-
gression. The comparison between both estimates is shown in
Figure 4.

Figure 4. Comparison between TFPA’s sensitivity estimated directly from
the time-domain signal and from harmonic regression of the fundamental

component.

Across the analyzed excitation frequencies between 50 Hz
and 3200 Hz, the Signal-to-Noise Ratio (SNR), defined as
the ratio between the deterministic fundamental amplitude and
the RMS residual noise level, varied between approximately
12.6 dB and 43.1 dB. These values indicate that the deter-
ministic component of the TFPA response remained clearly
distinguishable from the residual noise across the analyzed
frequency range.

B. Operational Noise Spectral Density

Following harmonic regression, the residual signals were
analyzed using Welch PSD estimation. The resulting voltage
noise densities SV (f) from all excitation conditions were
interpolated onto a common frequency grid and aggregated
using the median estimator (10).

To assess whether the observed spectral levels were domi-
nated by the TFPA or by the measurement chain, the voltage
noise density was compared with that of the reference ac-
celerometer channel. Figure 5 presents this comparison.

Figure 5. Comparison between the voltage noise density SV (f) of the
TFPA channel and the reference accelerometer channel.

The median voltage noise density exhibited an overall
decreasing trend with increasing frequency. At low frequencies
near 78 Hz, the median voltage noise density was approxi-
mately 1.05× 10−5 V/

√
Hz.

Across the analyzed frequency range, the voltage noise
density measured at the TFPA output remained consistently
below the noise level observed in the reference channel. This
result indicates that the TFPA measurement channel exhibited
a lower voltage noise density than the reference measurement
channel under the present experimental conditions. In this
context, the reported noise floor should be interpreted as an
operational measurement result of the complete sensing setup,
rather than as a fully isolated estimate of the intrinsic TFPA
transduction noise.

Using the interpolated sensitivity curve S(f), the voltage
noise density SV (f) was converted into equivalent accelera-
tion noise density Sa(f) according to (11). Figure 6 presents
the resulting equivalent acceleration noise spectrum.

Across the analyzed frequency range up to 3200 Hz,
the median equivalent acceleration noise density remained
on the order of 10−4 g/

√
Hz, with typical values around

1.5× 10−4 g/
√
Hz in the mid-frequency region.

C. Band-Integrated Detection Limits

Band-integrated detection limits were computed by inte-
grating the equivalent acceleration noise density Sa(f) over
specified frequency intervals according to (13). The resulting
RMS acceleration noise defines the operational detection limit
for each band.
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Figure 6. Equivalent acceleration noise density Sa(f) obtained from the
TFPA voltage noise density SV (f) using the interpolated sensitivity curve

S(f).

For a detection criterion corresponding to SNR = 1, the
resulting detection limits were:

• 3.09 mg RMS for the 50–250 Hz band,
• 3.70 mg RMS for the 50–500 Hz band,
• 22.42 mg RMS for the full 50–3200 Hz band.
When adopting a more conservative detection criterion of

SNR = 3, the corresponding detection limits increased to:
• 9.26 mg RMS (50–250 Hz),
• 11.10 mg RMS (50–500 Hz),
• 67.25 mg RMS (50–3200 Hz).
Figure 7 summarizes the resulting detection limits for the

analyzed frequency bands.

Figure 7. Band-integrated detection limits of the TFPA for different
frequency bands and detection criteria.

As expected, the detection limit increases with the integra-
tion bandwidth due to the cumulative contribution of spectral
noise components. Nevertheless, within the lower frequency
band most relevant for many vibration monitoring applications
(50–250 Hz), the TFPA demonstrated operational detection
limits on the order of only a few milligravity RMS.

These results provide a quantitative assessment of the op-
erational sensing capability of the TFPA and complement the
sensitivity and tunability characteristics previously reported for
this device architecture.

V. DISCUSSION

This section interprets the experimental results in terms
of the sensing characteristics and operational behavior of the
TFPA. In particular, the sensitivity, stochastic noise behavior,
and band-integrated detection limits are analyzed to assess the
practical vibration sensing capability of the device.

A. Sensitivity Characteristics

The experimentally observed sensitivity exhibits a pro-
nounced dependence on excitation frequency. This behavior
is consistent with the expected dynamics of a mass–spring
sensing structure, in which the mechanical transfer function
varies across the analyzed frequency range.

Such sensitivity variation was previously reported for the
TFPA architecture and attributed to the dynamic interaction
between the thermo-formed electret structure and the seismic
mass [6]. The present results confirm that this behavior persists
under the operational conditions used for noise characteriza-
tion.

To evaluate the consistency of the sensitivity estimation
procedure, the sensitivity obtained directly from the time-
domain signal was compared with the sensitivity derived
from the fundamental component estimated through harmonic
regression, as shown in Figure 4.

A strong agreement between the two estimates is observed
over most of the analyzed frequency range, indicating that
the deterministic component of the TFPA response is well
captured by the harmonic model. Larger deviations occur near
the resonance region, where the estimate derived from the
time-domain signal tends to exceed the fundamental-based
estimate. This behavior suggests that the waveform departs
from a purely sinusoidal shape under dynamic amplification,
likely due to increased harmonic content and residual wave-
form distortion.

The wide dynamic range of sensitivity observed across the
analyzed frequency range also reflects the tunable nature of
the TFPA concept. As demonstrated in previous work [7],
modifications of the seismic mass or structural geometry allow
the operational response of the sensor to be shifted toward
application-specific frequency bands.

B. Operational Noise Behavior

The spectral analysis of the residual signals revealed a stable
operational noise floor across the analyzed frequency range
after removal of the deterministic excitation components. The
remaining stochastic component of the TFPA signal exhibited
a broadband spectral distribution, as illustrated in Figure 5 and
Figure 6.

The use of Welch PSD estimation introduces statistical
averaging through segmentation of the residual signal, which
contributes to the stability of the spectral estimates obtained
from each measurement record.

The voltage noise density generally decreased with increas-
ing frequency, reflecting the combined influence of the sen-
sor transduction mechanism and the electronic measurement
chain. When converted to equivalent acceleration units using
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the sensitivity, the resulting noise spectrum remained within
the order of 10−4 g/

√
Hz over most of the analyzed range.

A reduction in the equivalent acceleration noise can be
observed near the resonance region. This behavior results from
the increase in mechanical sensitivity in that frequency range.
Since the equivalent acceleration noise density is obtained by
dividing the voltage noise density by the sensitivity, the en-
hanced transduction gain effectively reduces the acceleration-
equivalent noise level near resonance.

An important observation arises from the comparison be-
tween the TFPA noise spectrum and the reference accelerom-
eter channel shown in Figure 5. Across the evaluated frequency
bands, the voltage noise density measured at the TFPA output
remained consistently lower than that observed in the reference
channel, with clearly distinct residual spectral levels under
the present experimental conditions. This comparison indicates
that the residual spectral levels depend on the implemented
measurement channel, and that the reported noise floor should
not be interpreted as a fully isolated estimate of the intrinsic
TFPA transduction noise, but rather as an operational result of
the TFPA measurement chain.

C. Band-integrated detection limits

The band-integrated detection limits obtained in this study
provide a practical measure of the operational sensing capabil-
ity of the TFPA. While the spectral noise density characterizes
the stochastic behavior of the sensor at individual frequencies,
the integrated RMS acceleration noise quantifies the minimum
detectable vibration level over a specified frequency band.

As expected, the detection limit increases with the integra-
tion bandwidth due to the cumulative contribution of spectral
noise components. This behavior reflects the broadband nature
of the residual noise spectrum observed after removal of the
deterministic excitation.

Within the lower frequency band analyzed (50–250 Hz),
the TFPA demonstrated a detection limit of approximately
3.09 mg RMS for a unity SNR criterion. Even when adopting
a more conservative threshold (SNR = 3), the corresponding
detection limit remains below 10 mg RMS in this band.
These values indicate that the sensor is capable of resolving
vibration levels in the milligravity range when operating within
moderate bandwidths.

An important aspect of the obtained detection limits is that
they were derived from operational measurements performed
under controlled sinusoidal excitation. In this context, the
reported values represent operational detection limits that
incorporate not only the intrinsic sensor response but also
the influence of the measurement chain and the experimental
excitation environment. As such, they provide a realistic
assessment of the detection capability that can be expected
when the device operates in practical measurement conditions.

D. Implications for TFPA-based sensing applications

The results presented in this study extend the characteriza-
tion of the TFPA beyond sensitivity and structural tunability by

providing a quantitative assessment of its operational noise be-
havior and detection capability. While previous investigations
established the design, dynamic response, and application-
oriented tunability of the TFPA [5]–[7], the present work adds
an evaluation of its operational stochastic detection limits.

In particular, the operational detection limits derived from
the residual spectral analysis provide an estimate of the
minimum vibration levels that can be resolved under realistic
measurement conditions. The results indicate that the TFPA
is capable of detecting acceleration levels in the milligravity
range within moderate bandwidths, which are typical of many
practical vibration monitoring scenarios.

This capability is especially relevant for applications involv-
ing low-cost or distributed sensing systems, where lightweight
and mechanically tunable sensors can provide useful vibration
information without requiring complex instrumentation. In
such contexts, the combination of tunable frequency response,
milligravity-level detection limits, and simple electromechan-
ical architecture makes the TFPA a relevant candidate for
vibration monitoring tasks in environments where traditional
sensing solutions may be impractical or cost-prohibitive.

VI. CONCLUSION AND FUTURE WORK

This work presented an operational noise characteriza-
tion and band-integrated detection limit analysis of a TFPA
under controlled sinusoidal excitation. A signal processing
framework based on harmonic regression was employed to
separate deterministic excitation components from stochastic
noise, allowing the residual signal to be analyzed using PSD
estimation.

The results demonstrated that the TFPA exhibits a sensitivity
consistent with the dynamic behavior of a mass–spring sensing
structure, while maintaining a stable operational noise floor
across the analyzed frequency range. The equivalent acceler-
ation noise density remained on the order of 10−4 g/

√
Hz,

leading to band-integrated detection limits of approximately
3.09 mg RMS in the 50–250 Hz band and 22.42 mg RMS
over the full 50–3200 Hz range for a unity SNR criterion.

These results provide a quantitative assessment of the
operational vibration detection capability of the TFPA. The
present noise characterization helps establish the operational
performance limits of the device and contributes to a more
complete evaluation of its potential as a mechanically tunable
accelerometer architecture for practical vibration sensing ap-
plications.

The present study is limited to one TFPA configuration with
a 30 g seismic mass and one excitation level of 1 g over the
analyzed frequency range. Repeatability across repeated runs,
specimen-to-specimen variability, uncertainty quantification,
and sensitivity to processing choices were not exhaustively
investigated here and should be addressed in future work.
Further studies may also investigate approaches to better
separate the intrinsic sensor noise from the contribution of
the conditioning and acquisition chain.
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