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Electrophysiological assessment of 
plant status outside a Faraday cage 
using supervised machine learning
Daniel Tran1*, Fabien Dutoit2, Elena Najdenovska2, Nigel Wallbridge3, Carrol Plummer   3, 
Marco Mazza4, Laura Elena Raileanu2 & Cédric Camps   1

Living organisms have evolved complex signaling networks to drive appropriate physiological processes 
in response to changing environmental conditions. Amongst them, electric signals are a universal 
method to rapidly transmit information. In animals, bioelectrical activity measurements in the heart 
or the brain provide information about health status. In plants, practical measurements of bioelectrical 
activity are in their infancy and transposition of technology used in human medicine could therefore, by 
analogy provide insight about the physiological status of plants. This paper reports on the development 
and testing of an innovative electrophysiological sensor that can be used in greenhouse production 
conditions, without a Faraday cage, enabling real-time electric signal measurements. The bioelectrical 
activity is modified in response to water stress conditions or to nycthemeral rhythm. Furthermore, the 
automatic classification of plant status using supervised machine learning allows detection of these 
physiological modifications. This sensor represents an efficient alternative agronomic tool at the service 
of producers for decision support or for taking preventive measures before initial visual symptoms of 
plant stress appear.

In 1873, following correspondence with Charles Darwin, electrical signals in plants were discovered by 
Burdon-Sanderson1 during a survey of Venus Flytrap (Dionaea muscipula). Based on this work, the remarkable 
Indian scientist, Bose2, at the beginning of the twentieth century, showed that plants generated electrical impulses 
in response to environmental stimuli similar to those of nerves in animals.

Plants have evolved several paths for long-range signal transmission between cells, tissues and organs in order 
to adapt their metabolism and development in response to a changing environment. This long-distance com-
munication can be triggered by biotic or abiotic stimuli that are sensed locally by a few cells and translated into 
mobile signals such as small molecules, peptides, second messengers or phytohormones3,4. In contrast with these 
chemical signals, electrical signals are capable of transmitting information more rapidly over longer distances3. 
Electrical signals are known to regulate a wide variety of physiological processes. These functions may include 
growth, gas exchange, respiration, variation of photosynthesis and transpiration, and modification of gene expres-
sion (e.g. protease inhibitor)5,6.

Most studies on electrical signals in plants have been carried out under laboratory-controlled conditions. 
For instance, researchers focused on the description of standard signal characteristics e.g. amplitude, frequency, 
velocity, distance and direction of propagation7–9. However, studies are now dedicated to identifying the mech-
anisms of the signalling network, specifically the nature of the involved proteins, and understanding the inter-
action between the electrical, mechanical and chemical signalling mechanisms that form a complex signalling 
network that regulates physiological processes from the cellular level to the whole-plant level10–12. The approaches 
proposed to study electrical signalling include intracellular and extracellular measurements13,14. Intracellular 
measurements can directly record the value of an individual cell membrane potential, while extracellular meas-
urements detect the total spatiotemporal sum of the depolarization–repolarization process in a large group 
of cells. Amongst them, in plants, there are three different types of electrical signals: action potentials (AP)15, 
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variation potentials (VP)16, system potentials (SP) or electric potentials (EP)17. APs are induced by non-damaging 
stimuli (e.g. cold, mechanical and electrical stimuli), whereas VPs are induced by damaging stimuli (e.g. burning 
and cutting). Both of these are widespread signalling phenomena which can rapidly transmit information over 
long distances. EPs are a sub-threshold response induced by changes in environmental factors, e.g. soil moisture, 
water, fertility, light, air temperature and humidity4,18. Daily EP variations have been reported on different plant 
species such as maize, plum or avocado19–21 and strongly suggest a link with the nycthemeral/circadian rhythm. 
In Populus trichoparpa trees, Gilbert et al.22, reported a significant correlation between EP and sap flow. In water 
deficit conditions, EPs variations occur modifying the photosynthetic rates and stomatal conductance23,24.

For crop production in greenhouses, both climate management and control of irrigation are critical vari-
ables affecting yield and quality. Control of water uptake and the maintenance of water status are key for the 
survival and optimal growth of plants. Environmental factors such as radiation, air temperature, rainfall, and 
humidity have a high impact on plant water balances. Hence, plants require a coordinated and timely response 
in above-ground and below-ground organs to cope with the changing need to take up and preserve water. This is 
mediated by a complex signalling network, which includes, amongst others, electric signals. Hence, using electri-
cal signals as the basis for a sensor to measure real-time plant water status is of great interest as an agronomic tool 
that enables continuous and non-destructive measurements to control irrigation.

However, both natural and man-made electromagnetic noise combined with low-voltage potential var-
iations produced by plants, constrain researchers to the use of Faraday cages, due to the low signal to noise 
ratio. Therefore, most studies on electrical signals in plants have been carried out under laboratory-controlled or 
environmental-controlled conditions within a Faraday cage. Overcoming this constraint by improving the signal 
to noise ratio would enable recording of electrical signals from plants in all environments rather than just in labo-
ratory conditions. The PhytlSigns device is a plant electrophysiological sensor that allows recording EP variations 
in “natural” conditions. In order to allow operation of the system outside a Faraday cage, several design features 
were implemented that improved the signal to noise ratio (See the Methods’ section).

A further challenge faced when investigating signalling networks in plants is the interpretation of the recorded 
signals. Often, mixed electrical potential waves are recorded in plants, for instance, as a result of overlapping 
between APs, VPs and EPs, creating a complex web of systemic information in which several electrical signals 
may be layered on top of each other in time and space4. Proper signal analysis in this case is complex and chal-
lenging25. Very recently Souza et al.26 proposed the concept of a “plant electrome” and showed that environmental 
stimuli could change some characteristics of the temporal dynamic of electrical signals. In animals, particularly 
humans, studies of the temporal dynamics of electric signals obtained by EEG (Electro-Encephalogram) have 
allowed the establishment of consistent relationships between an individual’s health state and complex EEG meas-
ures27–30. In plants, the exploration of the total bioelectrical activity has only recently emerged and is a growing 
area of interest. A step forward in this field will be to transfer the temporal-dynamic methods applied in animals 
and humans in order to obtain real-time monitoring of the physiological status of plants.

In this paper, we present the results of long-term recordings of bioelectrical activity of soilless cultivated toma-
toes in a water deficit regimen, in a commercial greenhouse setting without use of a Faraday cage. In addition, we 
present preliminary results of the use of supervised machine learning techniques for identification and classifica-
tion of plant water status using the acquired electrical signals.

Results
Improving the signal to noise ratio of electrical signals recordings outside of a Faraday cage.  
We utilized PhytlSigns devices to perform long-term recordings of EP variations on tomato in soilless culture 
in growing conditions similar to those used by commercial growers. The PhytlSigns device is composed of an 
amplifier that allows the measurement of voltage potential differences between plant tissues and a reference site 
(Fig. 1a). The active electrode is inserted into the petiole (in the vascular bundles) and the reference electrode 
in the substrate (Fig. 1b). This configuration allows long-term monitoring of EP variations since for commer-
cial tomato production, standard practices includes different mechanical interventions (trellising, pruning, 
de-leafing or harvesting fruit). For long-term monitoring, the digitized data are recorded on a single board 
computer (Fig. 1a,b). Short-term or live recordings of electrical signals can be monitored with wireless devices 
(Supplementary movie S1). This instrumentation allows the recording of EP variations in “natural” conditions 
within a greenhouse without the use of Faraday cage.

Long-term monitoring of electrical signals.  Long-term (2 weeks) recordings of electrical signals of soil-
less tomato plants were obtained in growing conditions similar to those used by commercial growers (Fig. 1a,b). 
As a general observation, the electrical response shows a cyclic pattern with a minimum during late night/early 
morning and a maximum during the middle of the day (solar noon at about 14 h). To better characterize this 
daily rhythm and to overcome the variability of the basal electrical signal level, all signals were split into 24-hour 
cycles and normalized (Fig. 2b). In optimal growing conditions, an initial increase in voltage potential difference 
is observed at dawn lasting the first hours of the day. This is followed by a long-lasting voltage potential peak with 
a higher amplitude in the heat of the day (Fig. 2b), which coincided with high evapo-transpiration rate. The EP 
value is then reduced before sunset with a minimum during the night. It is noteworthy that the initial first peak 
was not observed systematically. These daily EP variations may reflect the daily plant activities with photosyn-
thetic activity during light period whereas during night periods, only respiration remained. This is tightly linked 
to the sap and photosynthetic flow. These daily variations are similar (pattern and magnitude) to those recorded 
under controlled conditions on avocadoes or plum and strongly suggest a link with nycthemeral or circadian 
rhythm;20,24,31 however this needs further study.

For crop production in greenhouses, both climate management and control of irrigation are critical variables 
affecting crop yield and quality. We performed continuous EP monitoring of tomato plants during different water 
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regimen conditions and explored whether variations in electrical signals corresponded to different plant stress 
levels. Plants were grown using optimal irrigation during the 2 first days, corresponding to substrate water con-
tent of 35 Vol%. Then the irrigation was reduced to 50% for 4 days leading to a drop of substrate water content 
maintained at around 25 Vol%. The following 36 hours, irrigation was completely stopped and the substrate water 
content diminished to 18 Vol%. (Fig. 2c,e; secondary y axis).

We undertook a comparison between a commercialized sensor ZIM (Yara plant technology) and the 
PhytlSigns signals (Vivent). The standard ZIM sensor detects leaf turgor32 reflecting a plant’s water status. In opti-
mal growth conditions, ZIM sensor signals show a daily variation with a minimum leaf turgor during the night 
and a maximum reached during the day. During the water deficit regimen, the daily variation of leaf turgor is 
modified with a drop of turgor during the day. The more the substrate moisture diminishes, the more the leaf tur-
gor drops (Fig. 2c-d) and the more the water potential increased (see Supplementary Fig. S1). In addition, tomato 
plants showed visible symptoms of water stress with leaf wilting after 24 hours (see Supplementary Fig. S1). This is 
consistent with a previous report showing the efficiency of leaf turgor sensors to detect water stress conditions32. 
However, under severe water deficit conditions, the signal from the ZIM sensor signal is lost and not recovered 
even when the irrigation is reinstated, showing a limitation of this sensor (Fig. 2c,d). Another limitation of ZIM 
sensors is that they can remain in place only for a short duration (less than 1 week) to avoid local physiologi-
cal modifications (see Supplementary Fig. S2) and therefore, ZIM sensors need to be replaced periodically. The 
PhytlSigns voltage potential signal shows a progressive drop of the baseline during the half-irrigated regimen 
(Fig. 2e) with more extreme variations during the period of no irrigation. Both the duration and the magni-
tude of EP variations are significantly reduced with the diminution of the substrate moisture (Fig. 2f and see 
Supplementary Fig. S3). When reintroducing water to the roots (Fig. 2e, blue arrows), a transient downward spike 
in the EP was evoked and the substrate water content increased to 36 Vol% (Fig. 2e). Afterwards the EP variation 
slowly went back to initial basal level, showing the same daily rhythm, dark/light changes as prior to the water 
stress (Fig. 2e). These EP variations are consistent to those reported in avocado during water deficit conditions20. 
Our results demonstrate that in severe conditions of water deficit, monitoring the electrical variations is more 
effective than leaf turgor (ZIM sensor) during the recovery phase.

Machine learning based classification of plant status: case study of water stress.  We next investi-
gated whether electrical signals provide information allowing an early detection, for example prior to visual symp-
toms being evident, of different plant states and could therefore help in the supervision of cultivated plants. In the 
first stage of data exploration, a principal component analysis (PCA) was performed on the raw data (electrical 
signals, mV) to evaluate the overall variability measured by the sensor and indirectly to evaluate its performance.

This analysis makes it possible to describe, day after day, the variability of the electrical signal during a 24 h 
recording. Knowing the hours during which day or night is present, it is then possible to describe the daily var-
iability of the electrical signal between the day and night phases. The factorial map of the PCA according to the 
first two factor scores (Fig. 3a), explains 69.6% of the variability, showing that the day and night periods can be 
separated into two distinct groups. This first result means that some portions of the recorded raw electrical signals 
contain relevant information to measure a different behaviour of the plant during the periods of day and night. 
To evaluate the weight of each daily record in the separation of the two groups (day vs. night), the correlation 
between the factorial coordinates of the second PC and the raw data of the electrical signals was calculated for 
each recorded day (Fig. 3b). As expected, it appears on reading the figure that most of the recording days of the 
electrical signal separate readily into one of the two groups. This result indicates that the variations of the electri-
cal signal due to the day/night alternations are present in each day of recording and that they are therefore not due 
to chance but to one or several physiological phenomena.
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Figure 1.  Enabling electrophysiological recordings outside a Faraday cage (a), Schematic representation 
of the PhytlSigns composed of an amplifier-voltmeter and analog to digital converter  are collected into a 
Raspberry Pi. (b), Experiments are performed on hydroponic tomato in soilless culture grown in greenhouse 
(top). The PhytlSigns device allows monitoring of electric signals in a ‘real’ environment without a Faraday 
cage.  An electrode is inserted in the tomato petiole at the top of the plant (bottom).
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We next analysed data to evaluate the water regimen (comfort or stress). The PCA map according to the first 
two principle components (PC), explains 62.1% of variability, allowing the data to be categorised into two differ-
ent groups that overlap significantly (Fig. 3c). The correlation between the first two PC and the raw data has been 
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Figure 2.  Electrical potential variations on tomato is modified in response to water deficit Hydroponic tomato 
plants in soilless culture are grown in the greenhouse. (a), Representative long-term recording of electric 
potential (EP) shows cyclic variations in controlled conditions. (b), EP variations from all tomato plants are 
split into 24 hour cycles and normalized. Results represent mean ± s.e.m, n = 60. Tomato plants were subjected 
to different irrigation regimens: optimal (white), half-irrigated during 4 days (green) or without irrigation 
for 36 hours (red). A comparison is done between commercialized (c,d), Yara-ZIM sensor (leaf turgor), and 
(e,f), PhytlSigns device (electrical signal) during these different irrigation regimens. Representative long-
term monitoring of (c), ZIM probe showing leaf turgor and (e), EP variations. Evolution of water content in 
the substrate during the experiment is superimposed in blue with the secondary y axis. Blue arrow indicates 
the moment when roots were watered again after drought condition. The corresponding (d), ZIM and (f), 
PhytlSigns signals are normalized and averaged per 24-hours cycles in control (black), half-irrigated (green) and 
no water conditions (red). Results represent mean ± s.e.m (n ≥ 10).
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calculated for each frequency of recording (Fig. 3d). The times of the day identified as relevant to separate the two 
groups (comfort vs. stress) were located near 4 am (PC1), 6 pm (PC1), between noon and 2 pm (PC2) and 10 pm 
(PC2). Despite these refinements, the analysis of the raw data does not clearly identify stressed and unstressed 
plants and further analysis of the signals using more sophisticated methods must be performed.

In order to better assess whether the acquired electrical signal is able to predict the plant status in different 
water regimen conditions, we also applied supervised machine learning techniques. We first test our approach 
on a clearly defined stimulus: light/dark. The electrical signals of the tomato plants monitored during a two-week 
period have been analysed as time series while different signal features were extracted (see Methods).

For predicting the daily rhythm, gradient boosted trees (GBT) showed the highest accuracy value (94.6%) 
among all of the tested models, followed by deep learning (DL) and logistic regression (LR) with 83.5% and 
73.2%, respectively (Table 1). The GBT model yielded the highest precision and recall values in comparison with 
the other tested models (Table 1). The features that contribute the most in the modelling of these classifiers are 
shown in Supplementary Table S1. This approach confirms the PCA results and demonstrates that EP signal var-
iations contain information about light or dark.

Then we test this approach on a more difficult defined state i.e. water stress. Since visual symptoms as well 
as the water potential increases appear significantly, 24 hours after the start of a water deficit regimen (see 
Supplementary Fig. S1), the plant drought state was defined according to the leaf turgor (Fig. 2b).
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Figure 3.  Electrical potential reflects nycthemeral rhythm Factorial map according to the first two factorial 
scores of the PCA performed on electrical signal data for (a,b), the day vs. night periods and (c,d), the water 
stress vs. comfort treatments. Red and blue ellipses (p = 0.05) highlight the variability of electrical signal.

Models LR DL DT RF GBT

Accuracy (%) 73.2 83.5 62.0 61.4 94.6

Precision (%) 75.9 87.4 61.4 61.0 95.4

Recall (%) 81.2 84.8 99.6 99.8 95.6

Table 1.  Accuracy, Precision and Recall values for all prediction models to determine day or night. For all 
model tested, GBT shows better performance. LR, logistic regression; DL, deep learning; DT, decision trees; RF, 
random forest; GBT, gradient boosted tree.
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Similarly, for predicting the drought stress, GBT demonstrated better performance than other models in accu-
racy (98.5%), precision and recall value (Table 2). The two next best models were DL, with accuracy of 94.5%, and 
LR, with 83.6%. The Supplementary Table S2 give the list of the most important features used for modelling the 
classifiers to predict the water deficit stress. It is noteworthy that among all of the features extracted from the data, 
generalized Hurst exponents have a strong weight whatever the time window chosen.

These results show that, through the use of advanced machine learning algorithms, the electrical signals 
acquired from plants have great potential in predicting both the daily rhythm and the water status in commercial 
tomato plants. Therefore, our findings support the idea that electrical signal measurements can help to adjust 
plant cultivation conditions in a proactive manner before visual symptoms appear due to drought. This is a sig-
nificant finding. Other studies have explored strategies for the classification algorithms of low-voltage varia-
tions (microvolt)33 or raw non-stationary34 plant electrical signals reaching an accuracy of 84.4% and 73.7%, 
respectively. Further investigations are required to verify whether this model can be generalized to other plant 
species. It is noteworthy that this experiment was designed to analyse signals associated with daily rhythms and 
water stress and that the recorded signals do definitely contain information about other stressors like trellising, 
de-leafing, pruning, etc. With different labelling of the data the same recordings could be analysed for instance to 
look at pruning with the expectation that transient damage would be detected. Moreover, the acquisition of larger 
datasets is needed to refine the provided models and, additionally, to reliably select the most relevant features for 
discrimination of the different plant states, which would lead to an important reduction of the computing power 
needs.

Conclusion
The results of this study show that, with both appropriate instrumentation and methods for data processing and 
analysis, it is possible to gauge, with a high-degree of confidence, plant water status using electrophysiological 
measurements in natural growing conditions i.e. without the use of a Faraday cage. We developed an electrophys-
iological sensor that allows continuous and stable long–term monitoring of plant electrical signals during several 
weeks without affecting plant physiology, that can be performed in commercial greenhouse for crop production. 
A case study on water deficit conditions showed an early change (downward) of the basal electrical signals lead-
ing to a modification of daily EP patterns in commercial tomato plants. This slight and slow modification that 
is hardly visible for producers, occurred within the plant allowing adaptation in order to cope with water deficit 
conditions until visual symptoms (i.e. leaf wilting) appear several hours or days later. This change is different from 
transient electrical variations observed in response to touch or injury10,12,35,36. Moreover, machine-learning based 
algorithms gave good classification performance confirming that plant electrical responses contain patterns that 
can be used for early identification of plant water status. Further detailed investigations are needed to better ana-
lyse water stress and the physiological modifications using different varieties and/or mutants to show that elec-
trical signals are crucial for long distance drought signalling in plants. Current available sensors (i.e. porometer, 
Licor, Fluorpen, etc…) are designed to measure plant water status at a given time. These measurements must be 
made repeatedly if early detection of water stress is to be identified and this would be time consuming, incon-
venient and expensive. Our findings support the idea that EP monitoring is a good indicator for water status and 
therefore could act as an aid in the supervision of plant cultivation. This represents, to our knowledge, the first 
potential application of plant electrical signal variations as an agronomic tool.

In greenhouse cultivation, maintenance and control of water status are key for optimal growth of plants and, 
in turn crop yields. Real-time assessment of plants’ physiological status would allow automatic irrigation manage-
ment according to actual plant needs/demands and therefore diminish water waste. With population growth and 
rising affluence, smart water management is crucial for sustainable development, particularly in agriculture for 
food production. Further work, specifically, an extended dataset is needed to refine model algorithms in order to 
enhance the computational performance and to enable implementation in actual commercial greenhouse set-ups 
for irrigation management. Moreover, this opens new research avenues to study different growing conditions such 
as nutrients, pest or disease management that would in turn, allow automatic and real-time assessment of plant 
physiological status and behaviours. Development of these algorithms and associated sensors would be a useful 
tool to diagnose specific physiologic conditions, but also of great interest for producers in decision support and/
or for taking preventive measures before initial visual symptoms of crop stress.

Methods
Plant material.  Five tomato plants, variety Admiro (De Ruiter), grafted on Beaufort (De Ruiter) have been 
used in the present study plants from June to August 2018. Plants were grown in greenhouses at an Agroscope 
research station (Conthey, Switzerland) in either Rockwool mineral (Grodan, (ROCKWOOL B.V.), 6040 KD 
Roermond, The Netherlands) substrate or in an organic substrate composed of compost of bark (35%), a peat 

Models LR DL DT RF GBT

Accuracy (%) 83.6 94.7 78.5 76.2 98.5

Precision (%) 88.0 95.6 76.7 74.5 99.3

Recall(%) 88.4 96.8 99.2 99.8 98.5

Table 2.  Accuracy, Precision and Recall values for all prediction models to determine water deficit. For all 
model tested, GBT shows better performance. LR, logistic regression; DL, deep learning; DT, decision trees; RF, 
random forest; GBT, gradient boosted tree.
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substitute (30%), Coco peat (20%) and topsoil 15% (Substrate 127, Ricoter, CH). An organic nutrient solution 
based on biogas digestate has been provided to plants as fertiliser.

Plant turgor.  Plant leaf turgidity has been monitored using the Yara Water-Sensor that measures the relative 
changes in the leaf ’s turgor pressure of the plant (Yara International ASA

Drammensveien 131, 0277 Oslo - Norway). The pressure is expressed in kPa. Ten continuous records of plant 
leaves turgor were performed during 20 days each. At all, 200 night/day cycles of 24 h have been performed. The 
relative changes in turgor has been recorded with a stepwise of 1 minute.

Climate monitoring.  Climatic data close to the plants were monitored using the DGT-Senmatic climate 
computer in the greenhouse (Senmatic, Industrivej 8, 5471 Søndersø, Denmark). The air temperature (°C), air 
humidity (%), CO2 level (ppm), light level (Watt/m2), vapour pressure deficit (VPD) were recorded with a time 
step of 1 minute.

Substrate monitoring.  Temperature (°C), relative water content (%) and electro-conductivity (EC, mS.cm-

1) in substrates were monitored daily using a WET sensor (WET-2, Delta-T Devices Ltd, Cambridge, UK). 3 
measurements per day have been performed.

Electrophysiology.  Electrical signals produced by plants have been recorded using PhytlSigns devices from 
Vivent Sàrl (Crans-près-Celigny, Switzerland). Electrical potential was measured with custom-made electrodes. 
It consists in coaxial cable (2.79 mm diameter); the center conductor (silver coated copper filament diame-
ter < 0.5 mm) wire was inserted into the petiole. In order to obtain a stable signal, the electrode should be inserted 
in the conducting bundles;37 thus, recording was checked during 72 hours following insertion and replaced if 
required. For each plant, we obtained a 2 weeks time series of data representing 77 daily cycles; the PhytlSigns 
device recorded the difference in electric potential between the substrate and a leaf petiole of the plant. The signal 
is sampled at 400 Hz with a gain of 4 and several filters are applied: low pass at 30 Hz and band-stop at 50 Hz and 
100 Hz. The signal has been recorded in mV as a function of time. Digitized signal data were extracted and cus-
tomized using Matlab software (Matlab, R2017a).

PhytlSigns Bio Signals Data Acquisition System.  The PhytlSigns device comprises an active electrode 
and a ground electrode both fabricated from 50 ohm impedance coax cable with an inner conductor of silver 
coated copper wire of diameter 0.5 mm. The outer conductor is a shielded copper braid with a waterproof jacket. 
Particular attention is paid to grounding throughout the instrument. The electrode is connected to a DC-coupled 
amplifier with appropriate filtering and noise cancellation followed by an analogue to digital signal converter and 
a data logger.

Unsupervised descriptive analysis of raw signals.  Prior to performing classification models using 
machine and deep learning, the raw data of electrical signals was analysed using principal component analyses 
to explore the variability of electrical signals with respect to day/night periods and water stress/control status.

Raw data of electrical signals were decimated at one point per minute for the different classes representing 
1440 points for each 24 h cycles and 77 daily cycles from the five tomato plants representing. Analysis has been 
carried out for day/night periods, gathered in a matrix Xn,p with n the number of frequencies of recording 
expressed in minutes (n = 1440) and p is the number of days monitored (p = 77). Analysis of water stress/control 
status has been carried out on a matrix Zn,p with n the number of days monitored and expressed as “stress” or 
“comfort” (p = 77) and p the number of frequencies of recording expressed in minutes (n = 1440).

Data preprocessing.  In order to prepare the raw data for the modeling of the classifiers, several preprocess-
ing steps were applied: windowing, features extraction, normalization and labeling.

First, from the raw signal, in steps of 5 minutes we repetitively took seven samples of different window sizes, 
namely 15 s, 30 s, 1 min, 2 min, 5 min, 10 min and 30 min. Then, in each window, we extracted 26 features: simple 
statistical features (min, max, mean, variance, skewness, kurtosis and interquartile range), Hjorth parameters 
(mobility and complexity), Generalized Hurst exponent, Wavelet entropy (Shannon and logarithmic)34 and the 
estimation of the color of the noise (white, pink, brown, blue and purple)33. We also perform a wavelet decompo-
sition, of order 1, 4 and 8, on the windowed signals and took the corresponding min, max and average value as 
additional features. In other words, this step allowed each 5 min of the time series to be described by 182 features 
in total.

To compensate for inter-plant variability in the extracted features, a normalization was also performed. More 
precisely, the values of each feature vector were transformed in the interval between 0 and 1 using the following 
formula:

=
−

−
x

nf
x x

x x
f f min

f max f min

,

, ,

where xf and xnf are the raw and the normalized feature vector respectively, while xf,min the feature vector mini-
mum and xf,max its maximum.

To label the samples, we used the local ephemeris and the tables indicating the level of irrigation (100%, 20% 
and 0%) during the experiment. We consider that the plant is in drought stress 3 hours after irrigation is reduced 
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or removed. Water stress status of the plants has been characterized and recorded by monitoring the turgor pres-
sure of leaves (see Fig. 2c).

The 24,246 normalized and labeled samples compose the dataset we used for the supervised classification. 
The classes’ balance of our dataset is 14,621 (60.3%) day samples for 9,625 (39.7%) night samples and 7,467 
drought-stressed (30.8%) for 16,779 normal (69.2%).

Classification.  We apply different supervised machine learning algorithms to model a classifier and evaluate 
its performance for the two classes independently (class 1: day/night and class 2: drought stressed/normal). The 
tested algorithms were the logistic regression (LR), the deep learning (DL), decision trees (DT), random forest 
(RF) and the gradient boosted tree (GBT). The dataset was split randomly into a learning set (80% of data) and a 
validation set (20%). Algorithms have been provided by H2O.ai which is an “Open Source Fast Scalable Machine 
Learning Platform” and XGBoost38 which is a scalable machine learning system for tree boosting.

Received: 5 April 2019; Accepted: 5 November 2019;
Published: xx xx xxxx

References
	 1.	 Burdon-Sanderson, J. I. Note on the electrical phenomena which accompany irritation of the leaf of Dionæa muscipula. Proc. R. Soc. 

London 21, 495–496 (1873).
	 2.	 Bose, J. C. The nervous mechanism of plants. The nervous mechanism of plants (ed. Longmans)(Green and Co. LTD, 1926).
	 3.	 Fromm, J. Long-distance electrical signaling and physiological functions in higher plants. In Plant Electrophysiology: Theory and 

Methods (ed. Volkov, V.) 269–285 (Springer, Berlin, Heidelberg, 2006).
	 4.	 Choi, W.-G., Hilleary, R., Swanson, S. J., Kim, S.-H. & Gilroy, S. Rapid, Long-Distance Electrical and Calcium Signaling in Plants. 

Annu. Rev. Plant Biol. 67, 287–307 (2016).
	 5.	 Schroeder, J. I. & Hedrich, R. Involvement of ion channels and active transport in osmoregulation and signaling of higher plant cells. 

Trends Biochem. Sci. 14, 187–192 (1989).
	 6.	 Fromm, J. & Lautner, S. Electrical signals and their physiological significance in plants. Plant, Cell and Environment 30, 249–257 

(2007).
	 7.	 Stahlberg, R. & Cosgrove, D. J. Slow wave potentials in cucumber differ in form and growth effect from those in pea seedlings. 

Physiol. Plant. 101, 379–388 (1997).
	 8.	 Dziubinska, H., Filek, M., Koscielniak, J. & Trebacz, K. Variation and action potentials evoked by thermal stimuli accompany 

enhancement of ethylene emission in distant non-stimulated leaves of Vicia faba minor seedlings. J. Plant Physiol. (2003).
	 9.	 Beilby, M. & Coster, H. G. The Action Potential in Chara coraliina II.* Two Activation-Inactivation Transients in Voltage Clamps of 

the Plasmalemma. Funct. Plant Biol. 6, 323 (1979).
	10.	 Hedrich, R., Salvador-Recatalà, V. & Dreyer, I. Electrical Wiring and Long-Distance Plant Communication. Trends in Plant Science 

21, 376–387 (2016).
	11.	 Liu, X., Wang, J. & Sun, L. Structure of the hyperosmolality-gated calcium-permeable channel OSCA1.2. Nat. Commun. 9, 5060, 

https://doi.org/10.1038/s41467-018-07564 (2018).
	12.	 Mousavi, S. A. R., Chauvin, A., Pascaud, F., Kellenberger, S. & Farmer, E. E. GLUTAMATE RECEPTOR-LIKE genes mediate leaf-to-

leaf wound signalling. Nature 500, 422–426 (2013).
	13.	 Ward, J. M., Mäser, P. & Schroeder, J. I. Plant Ion Channels: Gene Families, Physiology, and Functional Genomics Analyses. Annu. 

Rev. Physiol. 71, 59–82 (2009).
	14.	 Barbier-Brygoo, H. et al. Anion channels in higher plants: Functional characterization, molecular structure and physiological role. 

Biochimica et Biophysica Acta - Biomembranes 1465, 199–218 (2000).
	15.	 Sibaoka, T. Physiology of Rapid Movements in Higher Plants. Annu. Rev. Plant Physiol. 20, 165–184 (1969).
	16.	 Stahlberg, R. & Cosgrove, D. J. The propagation of slow wave potentials in pea epicotyls. Plant Physiol. 113, 209–217 (1997).
	17.	 Gallé, A. et al. Photosynthetic responses of soybean (Glycine max L.) to heat-induced electrical signalling are predominantly 

governed by modifications of mesophyll conductance for CO2. Plant, Cell Environ. 36, 542–552 (2013).
	18.	 Zimmermann, M. R. & Mithöfer, A. Electrical Long-Distance Signaling in Plants. In Long-Distance Systemic Signaling and 

Communication in Plants 291–308 (Springer, Berlin, Heidelberg, https://doi.org/10.1007/978-3-642-36470-9_15 2013).
	19.	 Fromm, J. & Fei, H. Electrical signaling and gas exchange in maize plants of drying soil. Plant Sci. 132, 203–213 (1998).
	20.	 Oyarce, P. & Gurovich, L. Electrical signals in avocado trees responses to light and water availability conditions. Plant Signal. Behav. 

5, 34–41 (2010).
	21.	 Gallé, A., Lautner, S., Flexas, J. & Fromm, J. Environmental stimuli and physiological responses: The current view on electrical 

signalling. Environ. Exp. Bot. 114, 15–21 (2015).
	22.	 Gibert, D., Le Mouël, J. L., Lambs, L., Nicollin, F. & Perrier, F. Sap flow and daily electric potential variations in a tree trunk. Plant Sci. 

171, 572–584 (2006).
	23.	 Lautner, S., Grams, T. E. E., Matyssek, R. & Fromm, J. Characteristics of electrical signals in poplar and responses in photosynthesis. 

Plant Physiol. 138, 2200–2209 (2005).
	24.	 Grams, T. E. E., Koziolek, C., Lautner, S., Matyssek, R. & Fromm, J. Distinct roles of electric and hydraulic signals on the reaction of 

leaf gas exchange upon re-irrigation in Zea mays L. Plant, Cell Environ. 30, 79–84 (2007).
	25.	 Van Bel, A. J. E. et al. Spread the news: Systemic dissemination and local impact of Ca2+ signals along the phloem pathway. Journal 

of Experimental Botany 65, 1761–1787 (2014).
	26.	 Souza, G. M., Ferreira, A. S., Saraiva, G. F. R. & Toledo, G. R. A. Plant ‘electrome’ can be pushed toward a self-organized critical state 

by external cues: Evidences from a study with soybean seedlings subject to different environmental conditions. Plant Signal. Behav. 
12, e1290040 (2017).

	27.	 Pritchard, W. S. & Duke, D. W. Measuring chaos in the brain: A tutorial review of nonlinear dynamical eeg analysis. Int. J. Neurosci. 
67, 31–80 (1992).

	28.	 Abásolo, D. et al. Analysis of regularity in the EEG background activity of Alzheimer’s disease patients with Approximate Entropy. 
Clin. Neurophysiol. 116, 1826–1834 (2005).

	29.	 Burioka, N. et al. Approximate Entropy in the Electroencephalogram during Wake and Sleep. Clin. EEG Neurosci. 36, 21–24 (2005).
	30.	 Srinivasan, V., Eswaran, C. & Sriraam, N. Approximate entropy-based epileptic EEG detection using artificial neural networks. IEEE 

Trans. Inf. Technol. Biomed. 11, 288–295 (2007).
	31.	 Ríos-Rojas, L., Moraga, D. M., Alcalde, J. A. & Gurovich, L. A. Use of plant woody species electrical potential for irrigation 

scheduling. Plant Signal. Behav. 10, e976487 (2015).
	32.	 Marino, G., Pernice, F., Marra, F. P. & Caruso, T. Validation of an online system for the continuous monitoring of tree water status 

for sustainable irrigation managements in olive (Olea europaea L.). Agric. Water Manag. 177, 298–307 (2016).

https://doi.org/10.1038/s41598-019-53675-4
https://doi.org/10.1038/s41467-018-07564
https://doi.org/10.1007/978-3-642-36470-9_15


9Scientific Reports |         (2019) 9:17073  | https://doi.org/10.1038/s41598-019-53675-4

www.nature.com/scientificreportswww.nature.com/scientificreports/

	33.	 Pereira, D. R., Papa, J. P., Saraiva, G. F. R. & Souza, G. M. Automatic classification of plant electrophysiological responses to 
environmental stimuli using machine learning and interval arithmetic. Comput. Electron. Agric. 145, 35–42 (2018).

	34.	 Chatterjee, S. K. et al. Exploring strategies for classification of external stimuli using statistical features of the plant electrical 
response. J. R. Soc. Interface 12, 20141225 (2015).

	35.	 Shimmen, T. Electrophysiological characterization of the node in Chara corallina: Functional differentiation for wounding response. 
Plant Cell Physiol. 49, 264–272 (2008).

	36.	 Fromm, J., Hajirezaei, M. R., Becker, V. K. & Lautner, S. Electrical signaling along the phloem and its physiological responses in the 
maize leaf. Front. Plant Sci. 4, 239 (2013).

	37.	 Kurenda, A., Stolarz, M. & Zdunek, A. Electrical potential oscillations - movement relations in circumnutating sunflower stem and 
effect of ion channel and proton pump inhibitors on circumnutation. Physiol. Plant. 153, 307–317 (2015).

	38.	 Chen, T. & Guestrin, C. XGBoost: A scalable tree boosting system. In Proceedings of the ACM SIGKDD International Conference on 
Knowledge Discovery and Data Mining 16, 785–794 ACM Press, (2016).

Acknowledgements
We would like to thank Innosuisse, the Swiss Innovation Agency, for their support of the PISA project Innosuisse 
grant 27661.1 PFLS-LS.

Author contributions
D.T., performed experiments; D.T., C.C., F.D., E.N., L.E.R., analysed data; D.T., F.D., L.E.R. and C.C. designed 
the study; N.W., C.P., M.M., designed the device; D.T. wrote the paper. All authors discussed the results and 
commented on the manuscript.

Competing interests
The author(s) declare no non-financial competing interests. The authors declare to have financial competing 
interest. For patents and patent applications, disclosure of the following information is requested: Name 
of inventors: C. Plummer, N.Wallbridge, N.Barker, C. Carroll, M. Mazzo, D. Tran, C. Camps, L. Raileanu, 
F. Dutoit; UK Patent Application No. 1903652.4, filing date: 18 March 2019 in the name of Vivent sárl; 
Electrophysiological assessment of plant status using supervised machine learning; Patent Application: 
PM348634GB.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-019-53675-4.
Correspondence and requests for materials should be addressed to D.T.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2019

https://doi.org/10.1038/s41598-019-53675-4
https://doi.org/10.1038/s41598-019-53675-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Electrophysiological assessment of plant status outside a Faraday cage using supervised machine learning

	Results

	Improving the signal to noise ratio of electrical signals recordings outside of a Faraday cage. 
	Long-term monitoring of electrical signals. 
	Machine learning based classification of plant status: case study of water stress. 

	Conclusion

	Methods

	Plant material. 
	Plant turgor. 
	Climate monitoring. 
	Substrate monitoring. 
	Electrophysiology. 
	PhytlSigns Bio Signals Data Acquisition System. 
	Unsupervised descriptive analysis of raw signals. 
	Data preprocessing. 
	Classification. 

	Acknowledgements

	Figure 1 Enabling electrophysiological recordings outside a Faraday cage (a), Schematic representation of the PhytlSigns composed of an amplifier-voltmeter and analog to digital converter  are collected into a Raspberry Pi.
	Figure 2 Electrical potential variations on tomato is modified in response to water deficit Hydroponic tomato plants in soilless culture are grown in the greenhouse.
	Figure 3 Electrical potential reflects nycthemeral rhythm Factorial map according to the first two factorial scores of the PCA performed on electrical signal data for (a,b), the day vs.
	Table 1 Accuracy, Precision and Recall values for all prediction models to determine day or night.
	Table 2 Accuracy, Precision and Recall values for all prediction models to determine water deficit.




