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Abstract
Plant electrical signals are fast electrophysiological
responses to environmental stimuli, physiological
regulation and stress. Because they often change
before visible symptoms appear, they are attractive
indicators for early plant-health monitoring and
for sensing in precision agriculture. Research
in this area has moved from recording single
action potentials to analyzing the plant electrome,
and now draws on flexible wearable electrodes,
implantable and electrochemical sensors, machine
learning, multi-source data fusion and edge-cloud
computing. This review follows the technical
chain from mechanism to application. We first
summarize the physiological basis of the main
signal types and how they relate to biotic and abiotic
stress. We then compare acquisition technologies,
including conventional electrodes, flexiblewearable
devices, microneedles and electrochemical sensors
for biochemical markers. Next, we discuss
preprocessing, multi-scale feature extraction, and
recognition with conventional machine learning,
deep learning and multi-source fusion. Finally,
we examine applications in environmental sensing
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and stress identification and outline the remaining
obstacles to field use. Most published results
still come from laboratory or greenhouse studies
with small datasets and non-standard protocols.
Progress toward field deployment will depend on
standardized acquisition and reporting, long-term
sensor stability, cross-species and cross-site
validation, open datasets, interpretable models
and low-power edge inference. With these elements
in place, plant electrical signals could serve as one
component of decision-support systems for early
warning and crop management.

Keywords: plant electrical signals, plant electrome,
sensors, stress identification, smart agriculture.

1 Introduction
Crop production is exposed to drought, salinity,
temperature extremes, pathogens and other stresses,
and these pressures are becoming harder to predict
under climate variability. Conventional diagnosis
relies on visual inspection, laboratory assays or expert
judgment. These methods are informative but slow,
often destructive, and difficult to scale to whole fields.
Smart agriculture needs sensing methods that report
plant physiological status continuously, in situ and at
low cost. Advances in agricultural sensors, electrical
characterization of plant tissues, decision-support
tools and edge-cloud computing have made such
monitoring more realistic [1–4].
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Table 1. Main types of plant electrical signals, their characteristics and monitoring value.

Signal type Main characteristics Representative stress or
agricultural relevance

Monitoring value Notes and limitations

Action potential
(AP)

Rapid, transient, self-propagating
response with a relatively
stereotyped waveform once the
excitation threshold is reached.

Mechanical stimulation, rapid
temperature change, herbivory,
wounding and other acute
stimuli.

Event-level
monitoring of rapid
responses to defined
stimuli.

Occurrence and waveform
depend on species, tissue,
stimulus intensity and
electrode position.

Variation
potential (VP)

Slower response with variable
amplitude and duration, often
associated with hydraulic,
chemical or wound-related
signals.

Local injury, burning, cutting,
severe mechanical damage and
systemic stress responses.

Detection of strong
local perturbations
and their propagation.

Less stereotyped than APs;
interpretation requires
contextual information and
controlled recording
conditions.

Evoked
potential (EP)

Response induced by an applied
electrical, mechanical, thermal or
light stimulus.

Controlled assessment of
excitability, stress sensitivity and
physiological responsiveness.

Comparison of
response thresholds
and
stimulus-dependent
traits.

Field use depends on
whether the stimulation
protocol is practical outside
the laboratory.

System
potential (SP)

Long-distance signal associated
with systemic changes in
membrane potential and ion
transport.

Distributed stress signaling,
wound response, defense
activation and whole-plant
coordination.

Evaluation of
communication
between local stress
perception and distant
responses.

Reflects distributed signaling
rather than a specific stress;
physiological or molecular
context is usually needed.

Periodic
oscillation

Repeated potential fluctuation
over short or long time scales,
often linked to rhythmic
physiological processes.

Photosynthesis-related rhythms,
water status, circadian regulation,
growth and environmental
fluctuation.

Tracking of dynamic
physiological state and
plant-environment
interaction.

Affected by both endogenous
rhythms and external
conditions; requires long
recordings and robust
processing.

Long-term
surface-
potential
variation

Slow change in surface potential
recorded over hours to days.

Drought, salinity, nutrient
imbalance, temperature stress,
disease progression and
long-term adaptation.

Continuous
monitoring, early
warning and
trend-based
assessment.

Sensitive to electrode
stability, environmental noise,
humidity, growth stage and
sensor-plant contact.

Spontaneous
activity

Fluctuations that occur without
an intentionally applied stimulus.

Baseline physiological state,
growth status, stress
accumulation and
plant-environment interaction.

Passive monitoring
and baseline
characterization.

Difficult to attribute to a
single cause without
synchronized environmental
and physiological data.

Note: The listed applications are representative examples of agricultural relevance, not evidence of one-to-one stress specificity.
The monitoring value of each signal type depends on species, organ, developmental stage, electrode configuration, stimulus
type, recording duration, environmental conditions and processing method.

Electrical signals are a natural candidate for early
monitoring. Water deficit, salinity, temperature
change, mechanical injury, heavy metals and pathogen
attack all alter membrane potential, ion fluxes,
Ca2+ signaling, reactive oxygen species (ROS) and
hormone networks, and these changes appear as action
potentials, variation potentials, system potentials and
slow surface-potential shifts. Such responses are fast
and can be recorded continuously, often before tissue
damage becomes visible. Several studies illustrate this
timing under defined conditions: electrical changes
after virus infection were detected before or during
early symptom development [5]; in the tomato-Oidium
neolycopersici system, electrical signaling tracked the
host response to powdery mildew [6]; and electrical
characteristics of apple trees were used to predict
their semi-lethal temperature [7]. These results
suggest that electrical signals can provide an early
or complementary readout of stress, although their
timing and diagnostic value depend on the species and

experimental context. Electrical data are also more
useful when combined with other sources, such as
time-lapse images, environmental and soil records,
spectral data and biochemical measurements.

This review does not simply list signal types and
algorithms. Instead, it follows the full technical chain:
the physiological mechanisms that let electrical signals
report stress, the acquisition of stable and continuous
recordings, the conversion of raw waveforms into
diagnostic information through denoising, feature
extraction and recognition, and the integration of the
results into agricultural decision support. The paper
is organized into six sections. Section 2 covers the
physiological basis of plant electrical signals, Section 3
acquisition and sensing technologies, Section 4 signal
processing and intelligent recognition, Section 5
applications, challenges and future directions, and
Section 6 the conclusions.
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2 Physiological Basis and Response
Mechanisms of Plant Electrical Signals

2.1 Types of Plant Electrical Signals and Their
Physiological Significance

Plant electrical signals are external readouts of
changes in membrane potential. The main forms are
action potentials (APs), variation potentials (VPs),
system potentials (SPs), evoked potentials, periodic
oscillations, long-term surface-potential variation and
spontaneous activity. APs propagate rapidly, follow
an all-or-none threshold, and are typically triggered
by mechanical or thermal stimuli. VPs follow severe
injury such as wounding or burning, and their shape
reflects interacting hydraulic, chemical and electrical
components. SPs are associated with long-distance
signaling and systemic defense. None of these signals
acts alone: they are coupled to ion fluxes, Ca2+
signaling, ROS, hormone pathways and changes in
gene expression, which together link stress perception
to adaptive responses [8]. The main signal types are
summarized in Table 1.

The signal types differ in time scale, spatial
range and dependence on a stimulus, and this
determines what each can be used for. APs and
VPs are suited to detecting acute events such as
mechanical or thermal shocks. SPs, oscillations
and long-term surface-potential variation are more
useful for following chronic stress, growth and
plant-environment interactions. These categories
overlap, and their diagnostic value changes with
species, organ, electrode arrangement, stimulus and
analysis method. For this reason, the electrome
concept has gained attention. Rather than isolating
individual potential events, it treats the whole
electrical activity of a plant as a multi-scale signal and
describes it with statistical, spectral, complexity and
machine-learning features. This approach is easier to
apply under variable field conditions than analysis of
single events [9].

2.2 Electrochemical Fundamentals and
Electrophysiological Coupling

The generation of plant electrical signals depends on
ion concentration gradients, transmembrane potential,
plasma-membrane H+-ATPase activity, fluxes of Ca2+,
K+ andCl−, andROS signaling. Plant electrochemistry
provides a framework for linking potential changes
to solute transport, energy metabolism and stress
responses [10]. Electrical signals also interact with
photosynthesis, water transport, stomatal regulation
and metabolic state. For example, a study of tomato

seedlings grown under high-voltage electrostatic fields
related electrophysiological changes to photosynthesis
through ion dynamics, indicating that external fields
can alter physiological function by acting on internal
ionic processes [11].

Electrical activity can also be used to probe how
physical factors affect plants. In common bean exposed
to a moderate magnetic field, analysis of how signal
features dispersed over time revealed the course of
the plant’s response [12]. Recent work shows that the
scope of plant electrophysiology is widening: electrical
signals now serve not only as readouts of acute stress
events, but as integrative indicators of systemic defense
and environmental perception across biotic and abiotic
contexts [13].

2.3 Relationship between Plant Electrical Signals
and Stress Responses

Plant electrical signals respond early to many abiotic
and biotic stresses. Drought changes water potential,
stomatal conductance and ion homeostasis, which
shifts the membrane-potential baseline and signal
frequency. Salt and heavy metals disturb ion channels,
membrane stability and redox balance, producing
potential fluctuations and ROS-mediated responses.
Acute stimuli such as temperature extremes, strong
light, UV radiation and mechanical damage often
trigger rapidly propagating signals that activate local
or systemic defense. There is, however, no simple
one-to-one relationship between a waveform and a
stress type. Different stresses can produce similar
changes, and the same stress can produce different
patterns depending on species, tissue, developmental
stage and environment. “Stress-specific electrical
signatures” should therefore be treated as hypotheses
for pattern recognition that need to be tested with
multi-source data and mechanistic experiments. The
pathway from stress inputs to electrical signals and
monitoring outputs is illustrated in Figure 1.

3 Plant Electrical Signal Acquisition and
Sensing Technologies

3.1 Traditional Electrodes and Laboratory
Acquisition Systems

Conventional recording uses Ag/AgCl, needle, surface
ormicroelectrodes connected to high-input-impedance
amplifiers, shielded cables and data acquisition
systems, often inside a Faraday cage. This setup
is well understood, gives high-fidelity data and
allows precise control, so it remains the basis of
mechanistic electrophysiology. It is less suited to the
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Figure 1. Conceptual pathway from stress inputs to physiological responses, electrical signal generation, signal
interpretation and monitoring outputs.

field. Rigid electrodes do not match soft, curved and
growing tissues, so contact becomes unstable over
time and signals drift, while insertion or clamping can
damage tissue locally. Signal quality is also sensitive
to electrode placement, reference configuration,
sampling frequency, filter settings, recording duration
and environmental control. Because these parameters
are rarely standardized, datasets from different
laboratories are hard to compare and models trained
on them generalize poorly. These problems have
driven the development of flexible, wearable and
implantable sensors that conform to plant organs and
keep stable contact during growth and environmental
change.

3.2 Flexible, Wearable and Implantable Sensors
Flexible wearable sensors can be attached conformally
to plant surfaces and measure physiological and
environmental parameters in situ at high resolution,
which non-contact methods such as optical imaging
and remote sensing cannot always do. Progress in
flexible substrates, conductive polymers, carbon
nanomaterials and hydrogels has improved
mechanical compatibility with plant tissues and
reduced problems caused by surface curvature,
growth strain and environmental disturbance.
Such devices have been used to monitor electrical

signals, hormones and water transport, as well as
light, humidity, temperature and volatile organic
compounds (VOCs) around the plant [14–17].

Implantable and microneedle sensors reach internal
tissues and record molecules or electrophysiological
activity directly. Recent work points in three
directions: microneedle electrodes combined with
machine learning for real-time stress monitoring [18];
printed adhesive gel bioelectrodes that improve
the electrode-leaf interface for long-term on-leaf
recording [19]; and spatial optimization of recording
sites, as shown in salt-treated Clivia miniata leaves,
where electrode position strongly affected which
features could be identified [20]. These studies
show that sensor sensitivity is no longer the main
problem. Interface stability, invasiveness, spatial
representativeness and variation between individuals
now matter as much.

Each sensor class addresses a different interface
problem. Flexible surface sensors make conformal
contact with curved, growing organs and suit
non-destructive, scalable monitoring. Implantable and
microneedle sensors improve local signal fidelity but
are more invasive and may induce wound responses.
Adhesive and hydrogel electrodes improve ionic
coupling and stability during deformation, but they
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Figure 2. Working principle of electrochemical sensors for detecting small molecules in plants.

can lose performance through dehydration, humidity
changes and loss of adhesion. Improving the interface
alone does not solve every problem: calibration
drift, environmental interference, tissue growth,
device-to-device variation and limited comparability
between individuals still restrict long-term field use.

3.3 Electrochemical Sensors and Detection of Plant
Small Molecules

Electrical signals report fast electrophysiological
activity, whereas small molecules, including
hormones, ROS, sugars, organic acids, inorganic ions,
metabolites and VOCs, provide chemical evidence
of physiological regulation and stress. Combining
the two gives a multimodal view of plant health.
Nanotechnology-based electrochemical sensors and
biosensors offer high sensitivity, selectivity and speed
at low cost, using direct and ratiometric detection,
immunoassays, molecularly imprinted polymers,
aptamers and photoelectrochemical schemes. Device
formats ranging from microneedles to flexible
wearable platforms support measurements in vitro, in
vivo and continuously in situ [21–24].

Electrochemical data make electrical signals easier
to interpret. An abnormal potential may indicate
stress in general, but simultaneous changes in H2O2,
salicylic acid, glucose, nitrate, pH or VOCs can
point to specific processes such as oxidative stress,
immune responses, nutrient status or metabolic
regulation. Most electrochemical sensors, however,
have only been validated in buffer solutions or in
short-term controlled experiments. Large-scale field
use is limited by interference from the plant matrix,
insufficient sensitivity for trace analytes, calibration
drift, biofouling, tissue damage from invasive probes
and poor robustness under changing conditions. The
working principle of these sensors is shown in Figure 2.

4 Signal Processing, Feature Extraction and
Intelligent Recognition

4.1 Signal Preprocessing and Quality Control
Plant electrical signals have low amplitude and
low frequency, are non-stationary and are easily
contaminated. Electrode polarization, changes in
contact resistance, soil-potential shifts, temperature
and humidity changes, electromagnetic interference
and mechanical disturbance from wind or handling
all add artifacts, so careful preprocessing is
required. In Aloe vera var. chinensis, time-domain
statistics, the fast Fourier transform (FFT), the
short-time Fourier transform (STFT), wavelet
transforms and autoregressive models captured
complementary information on low-frequency
energy, transient dynamics and predictability [25].
Decomposition-based methods are effective for
weak, non-stationary recordings because they
separate components with different oscillatory
modes; examples include variational mode
decomposition combined with the empirical wavelet
transform (VMD-EWT) [26] and complete ensemble
empirical mode decomposition with adaptive
noise combined with wavelet soft thresholding
(CEEMDAN-WST) [27]. The choice of method should
follow the temporal and spectral properties of the
signal, the sampling parameters, the noise structure
and the downstream task, rather than the popularity
of an algorithm.

4.2 Feature Extraction and Electrome Parameters
Features of plant electrical signals fall into four
groups (Table 2). Time-domain features, such as
mean, variance, peak amplitude, duration, skewness
and kurtosis, describe amplitude and waveform
shape. Frequency-domain features, including power
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Table 2. Feature categories, representative parameters and stress-related uses of plant electrical signals.

Feature category Specific features/parameters Function and description Representative application or
stress-related use

Time-domain
features

Mean, variance, standard deviation,
peak value, peak-to-peak value,
duration, rise time, fall time, skewness,
kurtosis

Describe signal amplitude, waveform
morphology, event duration and
temporal response.

Waveform or event characterization,
such as AP detection,
stimulus-response analysis and
rapid injury or
temperature-response monitoring.

Frequency-
domain features

Power spectral density, dominant
frequency, band energy, spectral
centroid, low-frequency energy ratio

Describe the global frequency
composition and energy distribution.

Detection of stress-related shifts in
energy distribution, such as changes
in low-frequency activity under
drought, salinity or long-term
disturbance.

Time-frequency
features

STFT, wavelet transform, wavelet packet
decomposition, EMD

Capture time-varying spectral
components and multi-scale changes in
non-stationary signals.

Analysis of transient or
non-stationary responses, including
short electrical bursts, mixed-scale
responses and changes during
stress progression.

Nonlinear
features

Approximate entropy, sample entropy,
multiscale entropy, permutation entropy,
fractal dimension, complexity measures

Characterize the complexity, irregularity
and nonlinear behavior of electrical
activity.

Evaluation of complexity changes
associated with stress adaptation,
physiological state transitions and
long-term health monitoring.

Note: The listed applications are representative uses, not universal diagnostic rules. Feature selection should match the signal
type, recording duration, sampling rate, noise structure and downstream task, such as event detection, stress classification,
physiological-state assessment or early-warning prediction.

spectral density, dominant frequency and band
energy, describe how energy is distributed across
frequencies. Time-frequency methods such as
the STFT, wavelet transform and empirical mode
decomposition (EMD) track how this distribution
changes over time in non-stationary recordings.
Nonlinear features, including approximate, sample,
multiscale and permutation entropy and fractal
dimension, describe the complexity and irregularity
of the signal.

Feature extraction cannot be separated from the
acquisition protocol and the purpose of the analysis.
For AP detection, event-based measures such as
onset, peak amplitude, rising slope and propagation
velocity are most informative. Long-term stress
monitoring relies more on window-level statistics,
band energy, low-frequency drift, complexity and
global electrome parameters. When models must
generalize across individuals or environments,
features should be chosen for robustness to electrode
placement, biological variation and batch effects.
Feature engineering is therefore moving away from
the search for a single best feature toward task-specific,
multi-scale and interpretable feature sets.

4.3 Machine Learning, Deep Learning and Edge
Intelligence

Conventional machine learning for plant stress
identification uses hand-crafted features with

classifiers such as support vector machines (SVMs),
random forests, k-nearest neighbors (k-NN)
and AdaBoost. These methods work well but
depend on expert knowledge for feature design.
Deep learning (DL) can learn directly from raw
waveforms, time-frequency images or multi-channel
recordings. Examples include a ResNet-18 with
squeeze-and-excitation modules (ResNet-18SE) for
recognizing surface APs on maize leaves [28], and
a hybrid one-dimensional convolutional neural
network and gated recurrent unit (1D-CNN-GRU)
implemented on a field-programmable gate
array (FPGA) for real-time classification at the
edge [29]. Transformer architectures, which rely on
self-attention [30], can model long-range temporal
dependencies and are therefore attractive for long
bioelectrical recordings. Domain adaptation has been
used to reduce errors caused by differences between
individual Clivia plants [31].

Whether conventional machine learning or DL is more
appropriate depends on the data and the application.
Conventional methods are preferable when datasets
are small, features can be defined from physiological
or signal-processing principles, computing resources
are limited and interpretability is important. DL is
advantageous when large, diverse and well-labeled
datasets are available and the patterns of interest are
hard to engineer by hand. Model selection should not
rest on accuracy from a single controlled experiment; it
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should also consider validation design, generalization
across environments, interpretability, energy use,
inference latency and deployment constraints.

DL does not remove the basic difficulties of plant
electrophysiology. Samples are usually small, labels
are hard to obtain and experimental variability is
high, so models can learn electrode placement,
environmental noise or batch effects instead of
physiological patterns. Rigorous validation, including
independent data splits and cross-batch testing, and
open datasets are needed before high accuracies can
be generalized. Interpretability matters for decision
support because users need to know which signal
features, physiological indicators or environmental
conditions drive a prediction, and how uncertain it is.
For field deployment, accuracy must also be balanced
against model complexity, energy consumption,
latency and hardware cost.

5 Current Status, Challenges and Future
Prospects

5.1 Environmental Sensing and Long-Term
Monitoring

Plant electrical signals have been used to classify
environmental conditions and ozone exposure,
to support long-term ecological monitoring, and
to infer plant health. Earlier work demonstrated
machine-learning assessment of plant physiological
status from electrophysiological recordings acquired
outside controlled conditions [32], and more recent
studies have extended this to classification of
environmental conditions in horticultural crops [33],
confirming that electrophysiological activity is
sensitive to external conditions. Automated
phytosensing has distinguished ozone exposure
levels [34], and an upgraded PhytoNode platform
has improved energy efficiency for long-term
environmental monitoring [35]. Machine learning
applied to electrophysiological recordings has
also been used to identify general stress states in
commercial greenhouse crops, demonstrating that
electrical signals can serve as practical indicators of
plant health under production conditions [36].

In these studies the plant acts as a living sensor
that converts environmental change into measurable
electrical data. Environmental classification is,
however, confounded by interacting factors: light,
temperature, humidity, soil moisture, pathogens,
nutrients and human activity can all affect the
signal at the same time, which makes causal

attribution difficult. Future work should move from
single-variable classification to separating multiple
factors and explaining their effects, using multi-point
recording, multimodal sensing and long-term field
datasets.

Among these applications, long-term environmental
monitoring and automated detection on low-power
phytosensing platforms are closest to practical use,
because their outputs, such as changes in physiological
state, stress onset or anomalous patterns, can feed
directly into autonomous early-warning systems.
Weather inference, multi-factor classification and
mechanistic attribution remain experimental and need
extensive field validation and cross-site calibration.
Even the more mature applications have not yet
demonstrated reliability at field scale.

5.2 Identification of Stress, Disease and
Physiological States

Electrical signals have been applied to early disease
detection, heavy-metal monitoring, separation of
water and nutrient stress, prediction of temperature
tolerance and nutrient assessment in greenhouses.
For biotic stress, changes in electrical patterns after
virus infection [5] and after fungal inoculation of
tomato [37] allowed early detection, and electrical
signaling in the tomato-powdery mildew system
was also informative for diagnosis [6]. For abiotic
stress, bioelectrical signals of Aloe vera analyzed
with wavelet transforms and explainable machine
learning detected lead contamination [38], and a
parallel machine-learning framework using leaf
electrophysiology and impedance separated water
and nitrogen stress in wheat [39]. Common bean
under different water availability showed classifiable,
stimulus-specific electrome signatures [40]. Other
studies extended the approach to nutrient deficiencies
in greenhouse crops [41], light responses of
hydroponic strawberries [42], plant gravimetric
dynamics predicted from electrical impedance
spectroscopy [43] and the semi-lethal temperature of
apple trees [7].

These studies show that electrical signals can be
statistically linked to health status, stress type and
physiological parameters through machine learning.
Reliability, however, varies widely across scenarios.
Single-factor abiotic stresses such as drought, salinity
or temperature, and well-defined disease models,
give consistent results under controlled conditions.
Performance falls when stresses are combined, weak
or changing over time, or when models are tested on
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Figure 3. Conceptual workflow for multi-source fusion and decision support in plant electrical-signal monitoring.

Table 3. Key challenges and emerging directions for plant electrical-signal sensing in agricultural applications.

Key challenge Specific manifestations Future directions and emerging technologies

Inadequate
standardization of
data collection

Large variation in electrode type, electrode
position, sampling frequency, plant
condition, growth stage and environment.

Standardized acquisition protocols, metadata
specifications, calibration procedures and reporting
standards across species, devices and environments.

Lack of long-term
stability

Electrode drift, adhesion failure, changes
in contact resistance, environmental noise
and disturbance from tissue growth or
organ movement.

Flexible, minimally invasive, adaptive and
self-calibrating sensing interfaces with better contact
stability and environmental robustness.

Insufficient
mechanistic
interpretation

AI-based recognition and electrome
analysis may produce black-box outputs
with unclear physiological meaning.

Integration of electrical signals with ion flux, Ca2+
signaling, ROS, hormones, transpiration and
mechanistic models.

Limited data scale and
generalizability

Small datasets, limited species coverage,
inconsistent labels and insufficient
cross-environment or cross-device
validation.

Open long-term datasets, cross-site and cross-device
validation, transfer learning, domain adaptation and
uncertainty-aware modeling.

Inadequate system
integration

Single sensors and isolated models are
insufficient for practical management and
decision support.

Interoperable sensing platforms combining electrical,
environmental, soil, imaging and electrochemical data
with IoT, cloud computing and decision-support
systems.

Limited real-time and
field deployment
capacity

Continuous monitoring requires
low-power operation, on-device
processing, robust communication and
timely warnings.

Low-power edge computing, embedded inference,
lightweight DL models and edge-cloud collaboration for
real-time monitoring and autonomous warning.

Note: The listed technologies are enabling directions, not validated agricultural outcomes. Their practical value depends on
long-term field validation, cross-environment robustness, device interoperability and the ability to link model outputs to
crop-management decisions. IoT, Internet of Things.

other species and conditions. The main reason is that
electrical responses are not specific: different stresses
can produce similar patterns, and the same stress
can produce different patterns in different contexts.

High reported accuracy should therefore be read as
a property of a given dataset and validation design,
not as an intrinsic diagnostic specificity. Most of the
studies above were also carried out in laboratories,
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greenhouses or other controlled environments, with
very different sample sizes, species, equipment and
stress protocols. In the future, studies should use
standardized metrics, external validation sets, testing
across cultivars and growth stages, and comparison
with conventional physiological and biochemical
indicators. Only results that hold across environments
and devices can support early warning in agricultural
production.

5.3 Multi-Source Fusion and Smart Agricultural
Systems

A practical way to bring electrical sensing into
precision agriculture is to fuse it with other data
instead of using it as a standalone diagnostic tool. In
the framework shown in Figure 3, flexible electrodes,
microneedle sensors and environmental sensors are
installed on or in the plant, and their data are
synchronized with soil sensors, imaging or spectral
systems and electrochemical measurements. An edge
layer aligns the data streams in time and performs
quality control, noise filtering, missing-data handling,
feature extraction and preliminary state identification.
The cloud layer supports long-term storage, model
training, longitudinal analysis, cross-site comparison
and updating of decision rules. Uncertainty-aware
state estimation then turns multimodal inputs into
plant-health assessments, which in turn support
irrigation, fertilization, disease management and
environmental control. Separating acquisition,
inference and action in this way clarifies what electrical
signals contribute within a wider monitoring system.

Because electrical signals from a single plant
cannot explain complex stress mechanisms on
their own, fusion with other data is needed for
reliable monitoring. Combining electrophysiological
recordings with time-lapse video allows internal
electrical activity and external movement or growth
to be followed together [44]. Experience from
image-based phenotyping is also relevant: reviews
of plant stress detection show that fusing multiple
imaging modalities improves accuracy, early detection
and robustness compared with any single modality
alone [45]. End-to-end deep learning offers a further
route for overcoming the limitations of hand-crafted
features; for example, applying deep learning
architectures directly to plant electrophysiological
time series has enabled detection of nitrogen-deficit
stress without relying on manually engineered
signal features [46]. Such data-driven models
may help overcome the limits of single-source and

single-modality data. Progress therefore requires joint
work on physiological mechanisms, sensing hardware,
algorithms and agricultural management.

5.4 Current Challenges
Four barriers currently limit the use of plant electrical
signals in smart agriculture.

Data standardization and reproducibility. There are no
common acquisition protocols. Signals vary with
electrode type, insertion depth, sampling frequency
and environmental conditions, and reporting practices
are inconsistent, so results are hard to reproduce
or compare [1, 9]. Minimum reporting guidelines
covering electrode materials, experimental setup and
data formats are needed.

Field robustness and sensor stability. Flexible and
implantable sensors allow in situ monitoring, but
their long-term stability in the field has not been
demonstrated. Weather, tissue growth and electrode
aging introduce noise and drift. Sensors should
be minimally invasive, resistant to interference and
self-calibrating, and should be tested in different
agricultural settings over complete growth cycles.

Physiological interpretability. Deep learning and
similar models can improve classification but often
hide the causal links between electrical signals and
processes such as Ca2+ waves, ROS and hormone
signaling. Electrome analysis should be combined
with physiological experiments and mathematical
modeling so that recognition is based on biological
mechanisms and not only on statistical correlation.

Data generalization and integration. Most datasets are
small, species-specific and collected under controlled
conditions. High accuracy in a single experiment
does not guarantee reliability in the field. Open,
multi-source benchmark datasets covering several
species, stresses and environments are needed [9, 40],
and electrical data should be integrated with image,
spectral, soil and weather data through edge-cloud
architectures.

Of these barriers, the lack of standardized evidence
that generalizes under long-term field conditions is
the most fundamental, because it amplifies acquisition
variability, sensor drift and data fragmentation.
Standardized protocols, shared metadata and external
validation across sites should therefore be the first
priority; without them, better sensors or algorithms
cannot be translated reliably into farm decisions.
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5.5 Future Directions
The challenges above and the corresponding
research directions are summarized in Table 3.
Several emerging technologies could speed the
move from laboratory studies to agricultural
monitoring. Low-power edge inference can reduce
data transmission and enable real-time alerts.
Adaptive, self-calibrating sensor interfaces can
improve long-term stability as tissues grow and
conditions change. Interoperable platforms can
combine electrical signals with environmental,
soil, imaging and electrochemical data in one
decision-support framework. These technologies are
enablers rather than proof of mature field deployment.
Their value for agriculture still has to be shown
through long-term validation, cross-site calibration,
device interoperability and clear links between sensor
outputs and management actions.

6 Conclusions
Plant electrical signals respond quickly to
environmental and physiological change, which
makes them useful for early health monitoring in
precision agriculture. The field has moved from
the analysis of isolated electrical events to the
characterization of the plant electrome, supported by
flexible and implantable sensors, machine learning,
multi-source data fusion and edge-cloud architectures.
Electrical signals have shown promise for detecting
drought, salinity, toxicity and disease, but practical use
is still limited by inconsistent acquisition standards,
sensor drift in the field, poor transfer across species
and incomplete mechanistic understanding.

Electrical sensing is unlikely to replace established
diagnosticmethods; its value lies in adding continuous,
real-time physiological information to multimodal
monitoring systems. Realizing this requires stable
interfaces and interpretablemodels, but also validation
across environments and standardized reporting.
The aim is to connect signal detection with farm
management so that electrical alerts lead to concrete
decisions on irrigation, fertilization and pest control.
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