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SUMMARY

Stressed plants show altered phenotypes, including changes in color, smell, and shape. Yet, airborne sounds
emitted by stressed plants have not been investigated before. Here we show that stressed plants emit
airborne sounds that can be recorded from a distance and classified. We recorded ultrasonic sounds emitted
by tomato and tobacco plants inside an acoustic chamber, and in a greenhouse, while monitoring the plant’s
physiological parameters. We developed machine learning models that succeeded in identifying the condi-
tion of the plants, including dehydration level and injury, based solely on the emitted sounds. These informa-
tive sounds may also be detectable by other organisms. This work opens avenues for understanding plants

and their interactions with the environment and may have significant impact on agriculture.

INTRODUCTION

Plants exhibit significant changes in their phenotypes in
response to stress. They differ visually, with respect to both color
and shape, from unstressed plants.”™ They also emit volatile
organic compounds (VOCs), e.g. when exposed to drought or
herbivores.*° VOCs can also affect neighboring plants, resulting
inincreased resistance in these plants.”*® Altogether, plants have
been demonstrated to produce visual, chemical, and tactile
cues, which other organisms can respond to.° > Nevertheless,
the ability of plants to emit airborne sounds—that could poten-
tially be heard by other organisms—has not been sufficiently
explored.'" 1314

Plant vibrations have been described in several scenarios.
Plants exposed to drought stress have been shown to experi-
ence cavitation — a process where air bubbles form, expand
and collapse in the xylem, causing vibrations.'>'® These vibra-
tions have been recorded by connecting the recording device
directly to the plant.’®° Such contact recordings do not reveal
the extent to which these (and other) vibrations could result in
acoustic emissions that may be detected at a distance from

1328 Cell 186, 1328-1336, March 30, 2023 © 2023 The Authors. Published by Elsevier Inc.

the plant, if at all."”?"?? Thus, the question of airborne sound
emission by plants remains unanswered.'”-?%2

Many animals, including herbivores and their predators,
respond to sound.”> " Recently, plants were also demonstrated
to respond to sounds, '*?4=%% g.g., by changing the expression of
specific genes,?**° or by increasing sugar concentration in their
nectar.®! Thus, if plants emit airborne sounds, these sounds can
potentially trigger a rapid response in nearby organisms,
including both animals and plants. Even if the emission of the
sounds is merely a result of the plant’s physiological condition,
nearby organisms that are capable of hearing these sounds
could use them for their own benefit. We therefore set to examine
whether plants emit informative airborne sounds, which may
serve as potential signals or cues to their environment. Here
we show that plants indeed emit airborne sounds, which can
be detected from several meters away, both in acoustic cham-
bers and in greenhouses. Moreover, we show that the emitted
sounds carry information about the physiological state of the
plant. By training machine learning models, we were able to
distinguish between drought-stressed, cut, and control plants,
based only on the sounds they emit. These results demonstrate

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).



Cell ¢ CelPress

OPEN ACCESS

>
w

a5
Acoustic box
N NE I N

a0l I Tomato-Dry
[ Tobacco-Dry
35| ] Tomato-Cut
Il Tobacco-Cut
30
25}
20+
\ 15|
( ) ( 10+
} 5 -
0l— R ——

Pot Neighbor Self Treated

=Y

o

(e
3

Number of Sounds (Plant / 60min)

control control
C D
&7 T 66 0 Tomato | Tomat
1 > omato | = Tomato omato omato
dBSPL Dry dBSPL Cut Dry Cut
G _20. 4
o 01 1
= N 401 1
[ o o
» _ =
\ch § —_— g, -60 " "
2 1 d;gpl_—> Tobacco dB%PL') Tobacco g o Tobacen Tobaces
3 Dry Cut g Dry Cut
%_ —20‘
£ '
-401
- -60,
0 01020304050 0102030405 20 40 60 80 10020 40 60 80 100
Time (ms) Time (ms) Frequency (kHz) Frequency (kHz)
E F
10 x10* Frequency
- v a7 100 - O rrvreeen
gl ! . ! . -+ Scattering network o ©
\ : ! 95 o= MFCC i
E ’ E E E gOk-e-BaSIC ':: F_
X ..‘
4 1 T : 85+
1 1 1 | 3
2t + L i € sy
Intensity 3 75-
T — 3
80 1 ] 3 70t
T 1 1 T <
i 70 1 ! 65
: oo
o H H Bk
; s 5 3 551+
50 4 50 1 1 1 1 1
Tomato Tomato Tobacco Tobacco Vs Tomato-Dry  Tobacco-Cut Tomato-Dry ~ Tomato-Cut Tomato Tobacco
-Dry -Cut -Dry -Cut Tomato-Cut  Tobacco-Dry  Tobacco-Dry Tobacco-Cut  Elect. Noise  Elect. Noise

Figure 1. Stressed plants emit remotely detectable ultrasounds that reveal plant condition and species

(A) Acoustic box setup. In each recording, three plants are placed inside a 50 x 100 x 150 cm® acoustic box with two directional microphones oriented at each
plant. Using two microphones helps eliminating false detections resulting from electrical noise of the recording system and cross-plant interference.

(B) Mean number of sounds emitted during 1 h of recording by tomato and tobacco plants under two treatments: drought stress and cutting. Three control groups
were used: pot —pots with soil but without a plant; self-control — plant before treatment; and neighbor-control —untreated plants that shared the acoustic box with
treated plants. All treatment groups emitted significantly more sounds than all control groups (p < e—6, Wilcoxon test with Bonferroni correction): less than 1
detection/hour for all plant-treatment combinations in the self-control and neighbor-control groups , 19 < n < 51 plants for each group, and no sound detection in
the pot-control group (>500 recording hours). Error bars represent standard errors.

(C) Examples of time signals of sounds emitted by: a drought-stressed tomato, a drought-stressed tobacco, a cut tomato, and a cut tobacco, normalized. Peak
dBSPL values at 10 cms, relative to 20 pPa, are noted by the arrows (see STAR Methods).

(legend continued on next page)
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the potential in studying plant bioacoustics, suggest that plant
acoustic emissions may play an important role in ecology and
evolution, and may have direct implications for plant monitoring
in agriculture.

RESULTS

To investigate plants’ airborne sound emissions, we constructed
areliable recording system, where each plant is recorded simul-
taneously by two microphones (see Figure 1A for illustration, and
STAR Methods for details). First, we recorded plants within an
acoustic box and developed machine learning algorithms to
classify the recorded sounds. Then we tested the system in a
greenhouse, while monitoring physiological parameters of the
recorded plants.

Stressed plants emit airborne sounds that reveal their
condition: Acoustic box setup

We recorded tomato (Solanum lycopersicum) and tobacco
(Nicotiana tabacum) plants under different treatments —drought
stress, cutting (of the stem, before recording), and controls,
within an acoustically isolated box. We focused on the ultrasonic
sound range (20-150 kHz).

We found that plants emit sounds, and that stressed plants—
both drought-stressed (Dry) and cut plants (Cut; see STAR
Methods)—emit significantly more sounds than plants of any of
the control groups (p < e—6, Wilcoxon test for each of the 12
comparisons with Holm-Bonferroni correction). Three controls
were used for each plant species and treatment: recording
from the same plant before treatment (Self-control), recording
from an untreated same-species neighbor plant (Neighbor-con-
trol), and recording a pot with soil but without a plant (Pot; see
STAR Methods). The mean number of sounds emitted by dry
plants was 35.4 + 6.1 and 11.0 + 1.4 per hour for tomato and
tobacco, respectively, and cut tomato and tobacco plants
emitted 25.2 + 3.2 and 15.2 + 2.6 sounds per hour, respectively
(Figure 1B). In contrast, the mean number of sounds emitted by
plants from all the control groups was lower than 1 per hour. Our
system did not record any sound in the Pot control (Figure 1B)
over >500 h of recordings.

What does a stressed plant sound like? Figures 1C and 1D
show examples of raw recorded time signals and their spectra
as recorded from drought-stressed and cut plants, while the
distributions of sound peak intensity and the maximum energy
frequency of drought-stressed and cut plants are shown at Fig-
ure 1E. The mean peak sound intensity recorded from dry
plants was 61.6 + 0.1 dBSPL and 65.6 + 0.4 dBSPL at
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10 cm, for tomato and tobacco, respectively, and the mean
peak frequencies (frequency with maximal energy) of these
sounds was 49.6 + 0.4 kHz and 54.8 + 1.1 kHz, respectively.
The mean peak intensity of the sounds emitted by cut plants
was 65.6 + 0.2 dBSPL and 63.3 + 0.2 dBSPL at 10.0 cm, for
tomato and tobacco, respectively, and the mean peak fre-
quency was 57.3 + 0.7 kHz and 57.8 + 0.7 kHz, respectively.
Note that due to the directionality of the microphone, this is a
lower bound of the intensity (see STAR Methods).

Spectrograms of raw recorded sounds from drought-stressed
and cut plants are shown at Figure S1A, the mean spectra of the
sounds are shown in Figure S1B, and an example of the
electronic noise is in Figure S1C. An audio sample of the actual
tomato recordings, after down sampling to the audible range
and condensation in time, is included in Audio S1.

We trained machine learning models to classify different plant
conditions and species based on their sound emissions. We
divided the sounds into four groups, corresponding to the four
combinations of two plant types (tomato or tobacco), and two
treatments (drought stress or cutting). A binary classifier was
trained to distinguish between two equal-size groups (“pair”) in
each comparison (Tomato-Dry vs. Tomato-Cut; Tobacco-Dry
vs. Tobacco-Cut; Tomato-Dry vs. Tobacco-Dry; Tomato-Cut
vs. Tobacco-Cut). For cross validation, the model was tested
only on plants that were not a part of the training process (see
STAR Methods for more details). We used a support vector ma-
chine (SVM) as the classifier with several methods of feature
extraction—basic,**** MFCC,** and a scattering network.*®

The SVM classifier with scattering network for feature extrac-
tion achieved ~70% accuracy for each of the four pairs (Figure 1F
red line), significantly better than random (p < e—12 for each pair,
Wilcoxon rank-sum test with Holm-Bonferroni correction). The
same classifier was trained to discriminate between the electri-
cal noise of the system (see STAR Methods) and the sounds
emitted by the plants (Tomato vs. Noise, Tobacco vs. Noise)
and achieved above 98% accuracy for both (Figure 1F). The re-
sults were also robust to the dimension of the descriptors and
the scattering network specific parameters (Figure S1D). When
using the SVM classifier with MFCC as the input features, the re-
sults were still significantly better than random (black line,
p < e—4 for each pair, corrected as above), and even when using
only 4 “basic” features (see STAR Methods), the results were
significantly better than random for 5 of the 6 pairs (p < e—6 for
each of them, adjusted; Figure 1F gray line). However, scattering
network performed better than either MFCC or Basic for all the
pairs (p < 0.05 and p < e—6, respectively; Wilcoxon signed-
rank test). Altogether, these results demonstrate that plant

(D) The normalized spectra of the sounds from (C).

(E) The recorded sounds intensity peak and the max energy frequency for the four groups —drought-stressed tomato plants, cut tomato plants, drought-stressed

tobacco plants, and cut tobacco plants.

(F) The accuracy of sound classification achieved by different feature extraction methods, with an SVM classifier. The best results were obtained using the
scattering network method for feature extraction (red line, p < e—12 for each pair). Using MFCC for feature extraction the results were also highly significant (black
dashed line, p < e—4 for each pair) and even basic methods for feature extraction allowed for better-than-random classification (gray line, p < e—6 for each pair
apart from one case: Tobacco dry vs. Tobacco cut, which was not significant with the basic method). The comparisons Tomato vs Elect. Noise and Tobacco vs
Elect. Noise refer to electrical noise of the recording system. Training set size of the two groups in each pair was equal (400 < sounds for each pair, see Table S1),
and significance levels for each pair were calculated using Wilcoxon rank-sum test with Holm-Bonferroni correction for multiple comparisons. Error bars
represent standard deviations. The classification results were reproduced using CNN models (see STAR Methods and Figure S1E).

See also Figure S1.
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Figure 2. Acoustic detection of plant condi-
tion in the greenhouse

(A) lllustration of the procedure used to train a
classifier that distinguishes between tomato sounds
and greenhouse noises. A background noises library
was first generated, by recording inside an empty
greenhouse for several days. Using this library and
the library of tomato sounds recorded in an acoustic
box, we trained a convolution neural network (CNN)
classifier to distinguish between tomato sounds and
background noises.

(B) lllustration of the recordings in the greenhouse.
Tomato plants were recorded in the greenhouse.
The recorded sounds were filtered using the trained

N/

Training a CNN classifier

Trained Classifier

CNN classifier, leaving only the sounds classified as
tomato sounds.
(C) Confusion matrix showing the success of trained

/ ‘ Filter-in tomato sounds

CNN classifiers in distinguishing between tomato

iuaad | & G sounds and background noises in a cross-validation
- M/\/\M\/» W examination (see STAR Methods). Balanced accu-
] w/\/W\» racy score of 99.7%.
o ‘\]WV‘“ WW (D) Confusion matrix showing the success in dis-
! ! tinguishing between dry and irrigated tomato plants,
Tomato Greenhouse based on 1 h of recording in the greenhouse. The
sound noise Hi-t [ Analyze the recorded tomato sounds ] condition of the plant (dry/irrigated) was determined
based on the number of recorded sounds classified
as tomato sounds: if above three, the plant was
c Signal-based classification D Rate-based classification classified as “dry”, and otherwise as "irrigated”.
Balanced accuracy score of 84% (p < e—5; Fisher
9 = exact test).
S ®c o € See also Figure S2
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Tomato ~ Greenhouse Dry Irrigated We then trained a model on the entire

sound noise plant plant

Predicted (sound)

sounds carry information that can be interpreted and used for
classification of plant type and condition.

Plant stress can be identified from its sounds in a
greenhouse

We also tested the acoustic behavior of plants in a greenhouse,
in the presence of many background noises that were absent in
the acoustic box (e.g. wind, air-conditioning, maintenance work).
In order to distinguish between the sounds generated by plants
and background greenhouse noises, we first constructed a li-
brary of greenhouse noises, by recording in an empty green-
house. We then trained a convolution neural network (CNN)
model to distinguish between these empty greenhouse noises
and the sounds of dry tomatoes recorded in the acoustic box
(Figure 2A; see details in STAR Methods section). The models
obtained from this training achieved 99.7% balanced accuracy
in a cross-validation examination (Figure 2C). Similarly, signifi-
cant results were obtained when controlling for sound intensity
differences between plant and noise sounds and for the differ-
ence in background sounds between the acoustic box and the

Predicted (condition)

datasets (empty greenhouse noises and
dry tomato sounds from the acoustic box)
and applied it to another set of recordings
of tomatoes in the greenhouse. After
filtering out the background noises based on our model’s classi-
fication, the number of plant sounds per hour of recording was
highly indicative of the plant’s condition, distinguishing
drought-stressed plants from control plants with ~84%
accuracy (p < e—5, Fisher exact test; see Figures 2B and 2D
and further details in Figures S2C and S2D).

We then tested the acoustic manifestation of the dehydration
process by recording 23 tomato plants for several consecutive
days without watering. We recorded in the greenhouse while
monitoring soil moisture in each pot and paired each recorded
sound with the volumetric water content (VWC) measurement
of the recorded plant at the time of recording. We used the
CNN model mentioned above (Figures 2A and 2B) to separate to-
mato sounds from background noises and monitored the num-
ber of tomato-classified sounds recorded from each plant. The
results revealed a clear temporal acoustic pattern: the plants
emit very few sounds when irrigated, the number of sounds
per day increases in the following 4-5 days, and then the number
of sounds decreases as the plant dries up (Figure 3A). The num-
ber of emitted sounds showed a bimodal pattern along the day:

Cell 186, 1328-1336, March 30, 2023 1331
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Figure 3. Acoustic manifestation of dehydration in tomato plants as
observed in long-term recordings in a greenhouse

23 tomato plants were recorded inside a greenhouse for nine consecutive days
after watering, and the volumetric water content (VWC) of their soil was measured
throughout the experiment. The recorded sounds were filtered using the trained
CNN classifier, leaving only the sounds classified as emitted by tomatoes.

(A) The number of sounds per day along nine consecutive days of dehydration.
The dots represent the average of 23 plants, while the error bars represent the
standard errors. We find significant differences in the number of emitted
sounds between the first and second day, and between the second and third
day (p values are <0.01 and <0.001, respectively; p values were calculated
using Wilcoxon signed-rank tests, adjusted for 8 comparisons between pairs
of consecutive days using Holm-Bonferroni method). The soil VWC of the
plants at the beginning of the recording was 0.21 +0.03 (m®/m?).

(B) The number of sounds per hour is plotted as function of the time of day.
Each dot represents the average number of sounds emitted in the relevant
hour over all 23 plants and nine days for each plant, while the error bars
represent the standard errors. Dark gray areas represent the hours of complete
darkness, light gray areas show when the greenhouse lighting was on, and the
white area represents the approximate hours of natural daylight.

(C) A histogram showing the total number of emitted sounds as function of the
plant VWC during sound emission. Out of all the emitted plant sounds in this
experiment (over 20,000 sounds), ~92% were emitted when VWC < 0.05, and
~43% when VWC <0.01. To correct for variability between plants, we
repeated the analyses of (A-C) while normalizing the sounds of each plant by
the overall number of sounds it emitted throughout the experiment, and found
very similar results (see Figures S3A-S3C).

(D) Confusion matrix showing the success of the trained CNN classifier in
distinguishing between individual sounds emitted by a plant experiencing
VWC < 0.01 and sounds emitted by a plant experiencing VWC > 0.05. This
classification achieved balanced accuracy score of 81% (average of leave-
one-plant-out cross validation; see STAR Methods).

See also Figure S3.
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one major peak in the morning hours, 08:00-12:00; and a second
smaller peak in the afternoon, 16:00-19:00 (Figure 3B). Such
“midday depression” has previously been observed with
respect to stomatal conductance,®**° suggesting that the two
processes may be associated. We also found a strong associa-
tion between the VWC of the soil and plant sound emission.
Consistent with our results from the acoustic box (Figure 1B),
we found that the vast majority of the plant sounds are emitted
when the VWC is <0.05, and almost no sounds are emitted
when the VWC is >0.1 (Figure 3C). Repeating the analysis
presented in Figures 3A-3C controlling for the individual varia-
tion in the number of sounds emitted by different plants resulted
in very similar results (Figures S3A-S3C).

We further examined whether the plants emitted different
sounds at different levels of dehydration. We divided the sounds
that were recorded in the experiment and classified as tomato
sounds into two groups according to the VWC of the plant at
the time of the sound emission: VWC < 0.01 and VWC > 0.05.
We then trained CNN models to distinguish between the groups
according to the sound and achieved 81% balanced accuracy in
a cross-validation examination (see STAR Methods) (Figure 3D).
Classification of sounds grouped to VWC < 0.05 and VWC > 0.05
yielded >72% balanced accuracy (Figure S3D). We conducted a
second analysis of the sounds recorded in that greenhouse
experiment, without pre-classification of the sounds to tomato
sounds and background noises. Here we defined three groups
of sounds: all sounds from the greenhouse experiment that
were associated with plant VWC lower than 0.01; all sounds
from the greenhouse experiment that were associated with plant
VWC greater than 0.05; and the library of empty greenhouse
noises. We trained CNN models to distinguish between the
sounds of these three groups. The results of this classification
were still highly significant (balanced accuracy >75%), even
with normalized sound intensity (Figure S3E).

To investigate the generality of our results, we also performed
a small survey of different plant species. We successfully re-
corded sounds from additional plants from different taxa,
including Tritcum aestivum (wheat), Zea mays (corn),
Vitis vinifera (Cabernet Sauvignon grapevine), Mammillaria
spinosissima (pincushion cactus) and Lamium amplexicaule
(henbit) (see Figure S3F), but not from woody parts of almond
and grapevine. We thus expect that many plants emit sounds,
but the diversity of characteristics of these sounds are yet to
be researched. We have also successfully recorded tomato
plants under a different stress—infection with TMV (Figure S3F).
We thus expect that many plants emit sounds under different
stresses, but the diversity of characteristics of these sounds
are yet to be researched.

Finally, we investigated the correlation between the emitted
sounds and the physiological state of tomato plants, focusing
on the transpiration rate patterns during drought. We monitored
plants in the greenhouse for several consecutive days without
watering and collected the hourly number of emitted sounds
as well as the hourly average transpiration rate of each plant,
using plant-DiTech system (see STAR Methods). We found a
strong correlation between the number of sounds emitted per
hour and the corresponding transpiration rate of the plant, with
a similar trend of low values during night-time, and a peak in
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Figure 4. Plant sounds correlate with the
transpiration rate

5 06 Tsozﬁf&re * b:?(;ngsR The sounds and transpiration rates (TR) of seven
5 40 B 04 / + tomato plants were monitored for several days

2 E j h without watering.
21;;_30 g 02 */ \ (A) The number of tomato sounds per hour (black)
» ; i *\ and the hourly TR (red) are plotted along the four
22 'g 0.0 H ,{/ ‘\* consecutive days in which each plant made the
c/g) 10 % ~02 HJ{}(* HJ{ \\’ most sounds. Each dot represents the average of
& ) seven plants, with the bars presenting the standard

o A 0.00 -0.4 errors.

1 2 3 4 5 -12 -8 -4 0 4 8 12 (B) Cross-correlation plot. Pearson’s R correlation

Time (days)

Lag (in hours)

coefficient between the hourly mean number of
sounds and the hourly mean TR is plotted (y axis) as

afunction of the time lag (in hours) between the timing of the sounds and the TR (x axis). Each dot represents the average correlation across all seven plants for the

lag specified in the x axis, while the bars represent the standard errors.
See also Figure S4.

the late morning-noon time. Nevertheless, we see that the daily
transpiration rate decreases as dehydration continues, while
the number of emitted sounds does not (Figure 4).

DISCUSSION

Our results demonstrate that plants emit remotely detectable
and informative airborne sounds under stress (Figure 1). The
plant emissions that we report, in the ultrasonic range of ~20-
100 kHz, could be detected from a distance of 3-5 m, by many
mammals and insects (given their hearing sensitivity, e.g.,
mice®’ and moths®’-*%; see STAR Methods for details on the esti-
mation of animal detection ranges). We succeeded in differenti-
ating between sounds emitted under two different stress condi-
tions—dry and cut plants—with an accuracy of 70% using
supervised machine learning methods (Figure 1), and distin-
guishing between drought-stressed and control plants in a
greenhouse, based only on the sounds they emit (accuracy of
84%, Figures 2B and 2D). We monitored the distribution of plant
sounds with respect to days of dehydration, time of day,
soil moisture (Figure 3), and transpiration rate (Figure 4). Our re-
cordings revealed that the hourly pattern of sound emission
correlates with the plant’s transpiration rate, while the daily num-
ber of sounds is a hump-shaped function of plant dehydration,
increasing during the first days of dehydration, and declining
as the plant dries up. The sounds emitted by the plants at high
and low levels of dehydration are different, and we succeeded
classifying them with an accuracy of 81% (Figure 3). These find-
ings can alter the way we think about the plant kingdom, which
has been considered to be almost silent until now.**

One potential mechanism that may be responsible for the
emission of at least part of the sounds we record is cavitation
in the stem.'® Several findings support this: (1) we found that
the frequencies of the sounds emitted by different plant species
correspond to their trachea diameter, with wider tracheas in the
plants emitting lower sounds (Figures S4A and S4B), consistent
with the observed negative association between xylem diameter
and resonance frequency.* (2) The different sounds emitted un-
der drying and cutting (Figure 1) are in accordance with the
different gas dynamics of the plant in these two processes: while
drying is gradual, with a low rate of air-seeding and reduced
pressure, cutting involves a rapid and significant air-seeding

through all the trachea in the cut stem. In accordance, sounds
were emitted by cut plants for a shorter period of time than by
dry plants. Of the sounds emitted by plants that were both cut
and dry, the majority were classified as “cut” in the first day,
but the picture is reversed in the following days, with a majority
of sounds classified as “dry” (Figure S4C). (3) A 3D acoustic
simulation shows that sounds emitted from the trachea would
radiate from the stem in all directions (Figure S4D). This is consis-
tent with the results of our two-microphone recording system,
which picked up sound on two sides of the stem they were
directed to (Figure 1A). (4) The frequency range of cavitation-
related vibrations partially overlaps with the sounds we re-
corded.’” When recorded with contact sensors, cavitation is
usually also characterized by additional higher frequencies that
are beyond the sensitivity range of our microphones and that
would attenuate rapidly in air. Yet, only the vibrations that result
in airborne sounds (which we report here) are the ones that have
a potential of affecting other organisms and human-sensors that
are not in direct contact with the plant. When considering groups
of plants, the advantage of tracking airborne sound may be even
greater, as a single artificial sensor for airborne sounds could
detect sounds requiring multiple contact sensors.

A potential application of our results can be for monitoring
plants in the field or greenhouse.’® Specifically, plant sound
emissions could offer a way for monitoring crops water and
possibly disease states —questions of crucial importance in agri-
culture.*” More precise irrigation can save up to 50% of the water
expenditure and increase the yield, with dramatic economic im-
plications.*"*? In times when more and more areas are exposed
to drought due to climate change,*® efficient water use becomes
even more critical, for both food security and ecology. Our re-
sults, demonstrating the ability to distinguish between drought-
stressed and control plants based on plant airborne sounds,
open an avenue of research in the field of precision agriculture.

We have shown that plant sounds can be effectively classified
by machine learning algorithms. We thus suggest that other or-
ganisms may have evolved to classify these sounds as well
and respond to them. For instance, many moths—some of
them using tomato and tobacco as hosts for their larvae***°—
can hear and react to ultrasound in the frequencies and inten-
sities that we recorded.?*” Nearby plants may also respond
to the sounds emitted by plants. Plants were already shown to
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react to sounds'®?®"® and specifically to increase their

drought tolerance in response to sounds.*’**® Could plants
potentially respond adaptively to the sounds of their drought-
stressed or injured neighbors? We suggest that more investiga-
tion in the plant bioacoustics field, and particularly in the ability of
plants to emit and react to sounds under different conditions and
environments, may reveal a pathway of signaling between plants
and their environment.

Limitations of the study

Although our study demonstrates that plant emit informative
airborne sounds under stress, there are a few open issues:
First, our results were obtained on a limited number of plant
species, and should be tested on additional species of plants
from different families. In a small survey, we successfully re-
corded sounds from plants of 5 additional taxa (see Figure S3F).
We thus expect that many plants emit sounds, but the diversity
of characteristics of these sounds are yet to be identified. Sec-
ond, future studies could explore the sounds emitted under
different conditions. We observed sound emission in plants
exposed to drought, cutting, or TMV infection (Figures 1 and
S3F). Other potential conditions include different pathogens,
cold, herbivores attack, UV radiation, and other life stages of
the plant species, such as flowering. Third, our understanding
of the sound emission mechanism is still rudimentary. This is
an area for future investigation. Finally, our results were
obtained in either a controlled acoustic environment (an acous-
tic chamber) or a semi-natural environment (greenhouse).
Recording and analysis of plant sounds in the field, with a wider
range of background noises, would present additional
challenges.
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STARXMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Bacterial and virus strains

Tobacco Mosaic Virus (TMV) Gera et al.”® N/A
Deposited data

Recordings of plant sounds This paper https://doi.org/10.5061/dryad.jwstqjqf7
Experimental models: Organisms/strains

Solanum lycopersicum ‘Hawaii 7981’ Gilby et al.*® N/A
Nicotiana tabacum ‘Samsun NN’ Sessa et al.”" N/A
Triticum aestivum (cv fielder) ICCI N/A

Zea mays (cv B73) ICCI N/A

Vitis vinifera)cv Cabernet Sauvignon) Sdot Hemed nursery N/A
Mammilaria spinosissima TAU Botanical Garden N/A
Lamium amplexicaule Zinger et al.>” N/A

Software and algorithms

Python version 3.6

MATLAB 8.3

ImagedJ

Comsol Multiphysics simulation software
MFCC

Scattering networks
LIBSVM: A library for support vector machines
CNN sound classifier

Python Software Foundation
The MathWork Inc.
Schneider et al.*®

COMSOL

rastamat

scatnet-0.2
libsvm-3.21
This paper

https://www.python.org
https://www.mathworks.com/
https://imagej.nih.gov/ij/download.html
https://www.comsol.com/

https://www.ee.columbia.edu/
~dpwe/resources/matlab/rastamat/

https://www.di.ens.fr/data/software/scatnet/
http://www.csie.ntu.edu.tw/~cjlin/libsvm
https://doi.org/10.5281/zenodo.7612742

Other

Condenser ultrasound microphones CM16

UltraSoundGate 1216H A/D converter

Avisoft Bioacoustics

Avisoft Bioacoustics

https://www.avisoft.com/
ultrasound-microphones/cm16-cmpa/

https://www.avisoft.com/ultrasoundgate/1216h/

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Lilach Hadany (lilach.

hadany@gmail.com).

Data and code availability

@ Code for the CNN binary classifier training function can be found on Zenodo: https://doi.org/10.5281/zenodo.7612742.
o Data including recordings of plants under different conditions can be found on Dryad: https://doi.org/10.5061/dryad.jwstqjqf7.
o Additional information can be obtained from the lead contact.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

S. lycopersicum ‘Hawaii 7981°.*° The plants for the experiments presented in Figures 1, 2, and 3 were grown in a growth room at 25°C
and kept in long-day conditions (16 h day, 8 h night). The plants used in the transpiration experiment (Figure 4) were grown in a green-
house. The plants used in the infection experiment (Figure S3F) were grown in a greenhouse and infected with TMV.%° The plants were
tested in the experiments 5-8 weeks after germination.

N. tabacum ‘Samsun NN’.°" The plants were grown in a growth room at 25°C and kept in long-day conditions (16 h day, 8 h night).

T. aestivum (cv fielder), grown in a greenhouse.

Cell 186, 1328-1336.e1-e4, March 30, 2023 et
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Z. mays (cv B73), grown in a greenhouse.

Vitis vinifera (cv Cabernet Sauvignon) grown in a greenhouse.
Mammilaria spinosissima, grown in a greenhouse.

L. amplexicaule,®® grown in a growth room, long-day conditions.

METHOD DETAILS

Recording protocol

In the acoustic box

The recordings were performed in a 50 x 100 x 150 cm?® acoustically isolated custom-made 1.7cm thick wooden box tiled with 6cm
acoustic foam on all sides to minimize echoes. The walls, floor and ceiling of the acoustic box had a maximum Target Strength of —40
dB at 20-30 kHz, dropping off to —50 dB at 65-70 kHz, and the box was located in the quiet basement of the faculty of life sciences
TAU, behind thick walls. The box’s walls dampened sounds generate outside the box by at least 100 dB SPL in the relevant frequency
range (see below details regarding the estimation of the acoustic box acoustics). Two cable holes, 2 cm radius each, were located in
two corners of the box and covered with PVC and acoustic foam. Inside the acoustic box were only the recorded plants and 6 mi-
crophones connected to an UltraSoundGate 1216H A/D converter (Avisoft). The PC and all the electricity connections were in the
room outside the acoustic box. Two USB cables connected the PC to the 1216H device inside the box, through the holes. There
was no light inside the acoustic box, and the testing was performed in the dark.

The recordings were performed using a condenser CM16 ultrasound microphone (Avisoft), digitized using an UltraSoundGate
1216H A/D converter (Avisoft), and stored onto a PC. The sampling rate was 500 kHz per channel. We filtered the recordings using
20 kHz high-pass filter. A recording was saved only if triggered with a sound which exceeded 2% of the maximum dynamic range of
the microphone. In such cases, arecording of length 1.5 s was saved, starting half a second before the trigger and lasting 1 s after the
trigger. Each recording produced a 6-channel wav file (a channel for each microphone). Two microphones were directed at each
plant stem, keeping a clear line of sight with no dampening leaves between the stem and the microphones, from a distance of
10 cm. Only sounds that were recorded by both microphones directed at the same plant were considered as “plant sounds” in
the analysis afterward. The frequency responses of the microphones can be found in Avisoft website. No sounds were recorded
by both microphones from empty pots (with either dry or wet soil), over several weeks of recordings, demonstrating the effectiveness
of the box. No sounds were recorded from empty pots even when sharing a box with stressed plants, suggesting that cross talk
between microphones was not significant in our setting.

In the greenhouse

The recordings were performed in a greenhouse in Tel-Aviv University. During the greenhouse experiment, the only plants that were
present inside the greenhouse were the recorded plants. The recordings were performed using the same hardware and setting, as
mentioned in the acoustic box recording section, with three plants in each round and two microphones oriented at each plant, apart
from the acoustic box itself.

Data pre-processing

Data processing was performed offline using python 3.6 code we developed, with the following steps: 1. Identifying the microphone
that had recorded the highest intensity peak in each 1.5 s recording file. 2. Selecting only the sounds that were detected by two
microphones oriented at the same plant at the same time, and saving the one that triggered the recording for further analysis. 3.
Focusing on a short segment of 2ms around the peak. A processed recording includes a segment of 1ms before and 1ms after
the peak of a recorded sound that triggered the system to record. “Greenhouse noise” sounds were obtained when the greenhouse
included only acoustic equipment without plants or pots, by the two microphones (thus excluding “Electrical noise” registered on a
single microphone).

Acoustic-box drought stress experiment

Each plant was recorded twice: first before drought treatment (“self-control”), and again after it. In the first recording, all the plants
were healthy and their soil was moist. Then, for 4-6 days, half of the plants were watered while the other half were not, until the soil
moisture in the pots of un-watered plants decreased below 5%. Then, the plants were recorded again at the same order. In each
recording session three plants were recorded simultaneously for 1 h and each triplet of plants included at least one watered and
one un-watered plant to allow “neighbors-control” — watered plants that were recorded while sharing the acoustic box with un-wa-
tered plants. Soil moisture content was recorded using a hand-held digital soil moisture meter - Lutron PMS-714.

Acoustic-box cut stress experiment

The experiment followed the experimental design of the drought stress experiment described above, but drought stress was re-
placed with cutting of the plant. Here the pot soil was kept moist for all the plants throughout the experiment. The plants included
in the treatment group were cut with scissors close to the ground right before the recording started. The severed part of the plant,
disconnected from the roots, was recorded. We used the same controls of the drought stress experiment.

e2 Cell 186, 1328-1336.e1-e4, March 30, 2023
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Greenhouse drought experiment

In each recording session three plants were recorded simultaneously for 1 h. All the recorded plants were grown in a growth room,
and were brought to the greenhouse only for the recording session. Each plant was recorded either one day after irrigation (control
plants) or 4-6 days after irrigation (drought-stressed plants). The results of that experiment are presented in Figure 2.

Greenhouse dehydration experiment

In each recording session three plants were recorded simultaneously for several consecutive days without watering. All the recorded
plants were grown in a growth room, and were brought to the greenhouse only for the recording session. In addition, the soil of each plant
was monitored every 30 min throughout the experiment, using Decagon GS3 sensors. The results of that experiment are presented in
Figure 3.

Greenhouse whole plant transpiration rate

Whole-plant physiological performance was monitored with the functional phenotyping system Plant-Ditech platform.>® The Plant-
Ditech system was calibrated before the experiment start, and 5-7 weeks old plants were used for measurements (same as for the
drought and dehydration experiments). Plants were measured along several consecutive days without watering. The transpiration
rate (TR) of the plants during the course of the experiment were determined using standard previously described protocols.**>°
The results of that experiment are presented in Figure 4.

Classifying sounds recorded in the acoustic box
Our classification method was composed of two main stages. First, we extracted various acoustic features from the raw recorded
signals (see data Pre-processing section). Second, we trained a model to classify plant sounds into classes based on the feature
representation obtained in the first stage. A separate model was trained for each comparison. We used three methods of feature
extraction: (a) Deep scattering Network, as described in Andén and Mallat®® (red dotted line in Figure 1F). This method extends
MFCC (Mel-frequency cepstral coefficients) while minimizing information loss. We used the implementation by ScatNet,*” with Mor-
let wavelets. The results were robust to the dimension of descriptors and the scattering network specific parameters: number of
layers used; time support of low pass filter; and Q-Factor (Figure S1D). The values of the specific parameters used in this work
are shown in Table S2. (b) MFCC feature extraction (dashed black line in Figure 2B). We used the Dan Ellis implementation.®* (c) Basic
features. The basic features we used were energy, energy entropy, spectral entropy, and maximum frequency (gray line in Fig-
ure 1F).>>°% We used SVM with Radial kernel with the LIBSVM implementation as classifier. After feature extraction, we used Z score
for normalization of the features and PCA to reduce the dimensionality of the problem. We conducted LOPO-CV examination for
evaluation of model accuracy (see below).

We repeated the analysis using binary CNN models (see below), over either raw sound vectors or sound vectors normalized for
intensity (by dividing each value by the vector’s maximal value), with similar levels of accuracy (Figure S1E). The numbers of plants
in each group are shown at the Table S3.

Convolution neural networks (CNN)
For the implementation of convolution neural networks we used Python 3.6 with keras package and tensorflow backend. All of the
CNN models presented in this manuscript (except for the analysis in Figure S3E) are based on the same network architecture. The
network is composed of three blocks, each including two 1D convolution layers with a ‘relu’ activation, followed by a maxpooling
layer and a dropout layer. These three blocks are followed by one fully-connected layer with ‘relu’ activation and another dropout
layer. At the end, we add a fully-connected layer of size 1 with sigmoid activation. The model is trained for 50 epochs with binary
‘crossentropy’ loss function and ’adam’ optimizer.

For the analysis presented in Figure S3E (3-categories classification) we replace the last layer (of size 1 with sigmoid activation) by a
fully-connected layer of size 3, with ‘softmax’ activation. This model is trained with ‘categorical_crossentropy’ loss function.

Leave-one-plant-out cross validation (LOPO-CV)
In order to obtain robust evaluations of the models we trained, and to verify that individual differences between plants do not drive the
results, we conducted leave-one-plant-out cross validation (LOPO-CV) examinations throughout the paper. In each step of the CV, we
left all of the emitted sounds of one plant for testing, and used the rest of the sounds for training. We repeated this process so that each
plant was used for testing exactly once. This, the number of CV steps is equal to the number of plants in the analysis. For each CV, we
then constructed a confusion matrix by summing all of the accurate and wrong predictions. We sum all these matrices to obtain one
confusion matrix that summarizes the success from the entire CV process, from which we derived the balanced accuracy score.
When one of the examined groups is of noises (either electric noises or greenhouse noises), where the sounds are not emitted by
plants, we randomly split the sounds into several groups that will be used for the CV. For examination of the SVM models, in each CV
step we constructed a training set, including two groups of equal size, by randomly omitting samples from the larger group.
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Classifying sounds recorded in the greenhouse
For classification of greenhouse noises and drought-stressed tomato sounds, we used a convolution neural network (see CNN
section above). We first examined the performance of the CNN models on our sound libraries: dehydrated tomato sounds from
the acoustic box and empty greenhouse noises, applying LOPO-CV. This analysis yielded a balanced accuracy score of 99.7%.
We repeated the evaluation analysis with two forms of normalization: (a) for sound intensity (by dividing each value in the sound
vector by the vector’s maximal absolute value); (b) for background noise, by superimposing each sound vector obtained from the
acoustic box on a randomly chosen background sound from the greenhouse and each sound from the greenhouse on a randomly
chosen background sound from the acoustic box (see Figure S2B for illustration). The results were very similar and highly significant
after these two corrections.
For the application of the CNN model on sounds recorded in the greenhouse experiments (including Figures 2D, 3, 4), classifying
each sound as either a tomato sound or a greenhouse noise, we trained a CNN model over the entire libraries of dry tomato sounds
(from the acoustic box) and empty greenhouse noises.

Estimation of the animal detection range

The distance at which a moth/mouse would detect the clicks produced by a tomato plant was calculated using the sound propaga-
tion equation: cSPL - 20*log10(R/R1) - a(R-R1) + log2.7 = HT, where HT is hearing threshold of a moth or a grasshopper mouse (set to
35 and 10 dB SPL Re 20 pPa respectively®”*%), cSPL is the mean emitted plant sound pressure level set to 65 dB SPL based on our
recordings. R is the detection distance (m), R1 is the recording distance of the plant and « is a frequency dependent atmospheric
attenuation factor (1.6 dB/m at the most intense emission frequency) for the average temperature and humidity levels in the area
(26°C at night and 80% respectively). Note that some researchers argue that HT should be 10 or even 0 dB SPL Re 20 pPa in which
case the detection range would further increase, but we preferred an underestimate to be on the safe side.

Microphone calibration

The Avisoft CM16 microphone’s sensitivity is 500 mV/Pa and is almost flat between 10 and 120 kHz (see http://www.avisoft.com/
ultrasound-microphones/cm16-cmpa/). The sensitivity of the microphones used in this experiment were calibrated using a calibrated
GRAS (40DP) microphone by emitting signals covering the relevant frequency range toward the two microphones when positioned at
the same distance relative to the speaker. For playback, an ultrasonic speaker (Vifa, connected to an Avisoft 116 D/A converted) was
used to play back sound sweeps in the relevant frequency range (1 ms tones at frequencies between 70 and 20kHz(. This procedure
is routinely used in the lab for various acoustic measurements (see e.g.,°%). Our GRAS microphone is routinely calibrated using a Lar-
son Davis CAL150 calibrator with a 1kHz 94 dB SPL calibration tone. The CM16 microphone is much more directional than the GRAS
so its calibration is accurate only when the sound is arriving on-axis. CM16 directionality can be found here (http://www.avisoft.com/
ultrasound-microphones/cm16-cmpa/). Our sound intensity estimates are thus a lower bound on the actual intensity.

Estimating the acoustic box properties
The echoic properties of the chamber were measured by playing a 70 to 20 kHz pulse of 1 ms duration through a Vifa loudspeaker with
a loudness of 116 dB SPL at 30 kHz. The foam at a distance of 93 cm from the speaker received 97 dB SPL, resulting in strongest
echoes of 57 dB SPL at 30 kHz with virtually no energy visible above 40 kHz. Absolute sound pressure levels from the loudspeaker
were measured by a GRAS instrumentation microphone 40DP connected to an Hm116 Avisoft sampling board, sampling at 375 kHz.
Echoes were measured with same CM16 microphone used in the plant data acquisition. The GRAS instrumentation microphone was
calibrated during the measurements using a Larson Davis CAL150 calibrator with a 1kHz 94 dB SPL calibration tone.

Clapping of 100 dB SPL right outside the box remained under the noise floor measured inside the box >20kHz. Also, speaker play-
backs of 116 dB SPL of 70 to 20 kHz pulses failed to trigger the system and when the system was triggered manually did not lead to
any energy above the noise floor.

QUANTIFICATION AND STATISTICAL ANALYSIS

For statistical analysis of the number of sound emissions for the treatment and the control groups (Figure 1F) we used the Wilcoxon
rank-sum test. To compare our classifier to random result (Figure 2B), we used the binomial probability distribution function (PDF) and
calculate the probability to get the classifier accuracy or higher randomly for each group. To compare the results obtained when using
scattering network?® for feature extraction to the results obtained when using MFCC** or basic feature®®*° extraction methods (Fig-
ure 1F), we used Wilcoxon sign rank test with Holm-Bonferroni correction. To test the success in distinguishing between drought-
stressed and control plants (Figure 2) we used Fisher’s exact test. To test the differences in the number of emitted sounds per
day (Figure 3A) we used Wilcoxon signed-ranks tests with Holm-Bonferroni adjustment for multiple comparisons.
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Figure S1. Plant sounds recorded in the acoustic box, related to Figure 1

(A) Plant sound spectrograms. Spectrograms of sounds emitted by stressed plants: a drought stressed tomato, a drought stressed tobacco, a cut tomato and a
cut tobacco. The corresponding time signals and spectra of these sounds are shown in Figures 1C and 1D.

(B) Mean spectra of the sounds recorded in the acoustic box. Average signal spectrum of five groups of normalized sounds: Emitted by dry tomatoes, cut to-
matoes, dry tobacco, cut tobacco, and electronic noise. The light blue areas around the line represent the standard error of the mean.

(C) Example of electronic noise. Top —time signal of the noise, normalized to the peak. Bottom —spectrum of the sound shown above. The electronic sound was
recorded in the acoustic box, but only by one microphone, and was thus not considered as “plant sound” for further analysis.

(D) Comparison of different scattering network configurations. The accuracy of sound classification with 6 different configurations for the scattering network,
using SVM as classifier. Each line represents a different feature set, all obtained by scattering network. The scattering networks had different time intervals,
different Q-factors, and a different number of filters, for exact values see Table S1.

(E) The accuracy of sound classification achieved by CNN models. The balanced accuracy of sound classification achieved by binary CNN models (see STAR
Methods), for training and testing on the raw sound-vectors (black) and for training and testing on sound-vectors that were normalized by dividing each value in a
vector by the vector’'s maximal absolute value. Each balanced accuracy result is based on leave-one-plant-out cross validation (LOPOCV, see STAR Methods).
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Figure S2. Analysis of plant sounds recorded in the greenhouse, related to Figure 2

(A) Success of CNN models in distinguishing between tomato sounds and greenhouse (GH) noises. Confusion matrices showing the success of trained CNN
classifiers in distinguishing between tomato sounds and GH noises, with different corrections: raw sound-vectors (upper-left), sound vectors that were
normalized by dividing each value in a vector by the vector’s maximal absolute value (upper-right); raw sound vectors that were super-imposed with raw white
noise vectors (WN) from the opposite group (tomato sound + white noise from the GH, GH sound + white noise from the acoustic box, lower-left); normalized
sound vectors that were super-imposed with a normalized white noise vector from the opposite group (lower-right). These confusion matrices are the summation
of the confusion matrices that are produced in the LOPOCV process (see STAR Methods).

(B) lllustration of the construction of super-imposed sounds. First, libraries of white noises (WN) from the acoustic box and from the greenhouse are generated, by
taking ten 2ms segments from the time segment 200-400ms of each sound from the dry tomato library (acoustic box) and from the empty greenhouse noises.
These selected segments appear 100-300ms before the signal that triggered the recording (see STAR Methods in the main text), and they contain white noises
characteristic to the recording environment. We then generate super-imposed sounds, by summing (element-wise) the tomato sound vectors, each with a
randomly selected greenhouse white noise vector, and by summing the greenhouse sounds, each with a randomly selected acoustic box white noise vector. After
the summation we trim the vectors so that all values greater than 1 are set to 1, and all values smaller than —1 are set to —1.

(C) Tomato-classified sounds per hour. We recorded dry and irrigated tomato plants for 1 h in the green house. Then, using a trained Convolutional Neural
Network (CNN) we filtered the greenhouse noises and left only the tomato classified sounds. We here show the number of tomato-classified sounds, recorded
during 1 h in the greenhouse for dry and irrigated tomato plants. The y axis is truncated at 40 for better resolution; plant 22 emitted 95 sounds.

(D) Receiver operating characteristic (ROC) curve presenting the performance of the classification model used to distinguish between dry and irrigated tomato
plants. We plot the true positive rate as function of the false positive rate for all possible decision threshold, where a decision threshold is of the type: above a
certain number (n.) of tomato-classified sounds per hour we classify the plant as dry, otherwise we classify the plant as irrigated.
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Figure S3. Acoustic manifestations of dehydration and other stress factors in multiple plant species, related to Figure 3
(A) The proportion of sounds per day along nine consecutive days of dehydration in tomato plants. The dots represent the average of 23 plants, while the error bars
represent the standard errors. We find significant differences in the proportion of emitted sounds between the first and second day, and between the second
and third day (p values are <0.01 and <0.001 respectively; p values where calculated using Wilcoxon signed-ranks tests, adjusted for 8 comparisons between
pairs of consecutive days using Holm-Bonferroni method). The soil volumetric water content (VWC) of the plants at the beginning of the recording was 0.21 + 0.03

(m®/m3; mean =

std).

Cell

(B) The proportion of sounds per hour is plotted as a function of the time of day. Each dot represents the average proportion of sounds emitted in the relevant hour
over all 23 plants and nine days, while the error bars represent the standard errors. Dark gray areas represent the hours of complete darkness, light gray areas
show when the greenhouse lighting was on, and the white area represents the approximate hours of natural daylight.

(legend continued on next page)
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(C) A bar plot showing the proportion of emitted sounds as a function of the plant VWC during sound emission. The bars present the averages of the 23 plants,
while the bars represent the standard errors.

(D) Confusion matrix showing the success of the trained CNN classifiers (see STAR Methods) in distinguishing between sounds emitted by a plant experiencing
VWC<0.05 and sounds emitted by a plant experiencing VWC>0.05, in a LOPOCV process (see STAR Methods). The balanced accuracy score is 72.5%.

(E) The success of CNN models in distinguishing between sounds emitted by tomato plants with low and higher VWC values without pre-classification. Confusion
matrices showing the success of CNN classifiers in distinguishing between sounds that are linked to a plant experiencing VWC<0.01, sounds that are linked to a
plant experiencing VWC>0.05 and sounds recorded in an empty greenhouse (GH sounds). The analysis in all four sub-panels is based on the recordings of the
multi-day experiment (Figure 3). The recorded sounds (either emitted by a plant, or greenhouse noises) were tagged according to the VWC of the plant at the time
of the sound emission. These sounds, along with the empty GH sounds library, were fed to 3-class CNN classifiers. Four pre-processing procedures were used,
and a confusion matrix was calculated for each procedure, while applying LOPOCV process (see STAR Methods): all sounds from the GH experiment were
included and the raw sound vectors were used (upper-left); all sounds from the GH experiment were included and the sound vectors were normalized (upper-
right); sounds from the GH plant-recordings were pre-classified by our CNN, and only sounds classified as tomato sounds were used, as raw sound vectors
(lower-left); sounds from the GH plants-recordings were pre-classified by our CNN, and only sounds classified as tomato sounds were used. All the sounds were
normalized (lower-right). (F) Examples of recorded sounds from different plants. Left - Examples of time signals of 6 plants (top to bottom): Triticum aestivum
(Wheat, dry), Zea mays (Corn, dry), Vitis vinifera (Grapevine, Cabernet Sauvignon variety, cut), Mammilaria spinosissima (Pincushion Cactus, cut), Lamium
amplexicaule (Henbit deadnettle, cut), and Solanum lycopersicum (Tomato, infected with TMV). Right - Spectra of the sounds on the left, normalized. Each of
these plants emitted a significant amount of sounds when stressed, suggesting that sound emission is common under stress among non-woody plants. We have
not succeeded recording from woody plants (almond tree, woody parts of grapevine) using our methodology.
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Figure S4. Additional investigation of the mechanism of plant sound emission, related to Figure 4

(A) Sound frequency and trachea cross-section width. Boxplots of the distribution of the plant’s max frequencies vs. its tracheas’ cross section width (estimated
as the average of the ellipse width and height, see examples below) for grapevine, tobacco, and tomato.

(B) Examples of three photos used for the estimation of trachea dimensions. Grapevine (Left) Tobacco (middle), and tomato (right). We performed horizontal cross
section of tomato, tobacco and grapevine stems to measure their trachea cross section area from pictures taken under the microscope, as shown, using
ImageJ.*®

(C) Classification of sounds emitted by plants that experienced both dehydration and cutting. The sounds emitted by cut-and-dry plants in the acoustic box were
classified as either “cut” or “dry”. We see that while the overall fraction of sounds classified as “dry” in that experiment is around 55%, it varies with time: right
after cutting, sounds classified as “cut” are more common, but from day 2 the majority of sounds are classified as “dry”.

(D) Comsol simulations demonstrating sound propagating in all directions from within a stem-like structure. Presented is the 3D far-field sound field.

(E) Horizontal cross section through the sound field from (D) (different colors show different heights along the stem). The simulation shows that sound spreads
equally in all directions in the horizontal plain. The virtual model included two concentric silicon tubes (3.6cm diameter and 4 cm diameter) representing the xylem
vessels within the stem. Because the size was ca. 10 times larger than a real plant, we used a frequency ca. 10 times lower — 7500Hz, thus maintaining the ratio
similar to the real plant. The length of the stem model was 45cm to avoid any effects of length.
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