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Abstract—Early detection of plant responses to stress and
pathogen stimuli is essential for maintaining crop health and
optimizing yield. Electrophysiological signals provide a non-
invasive, real-time method for monitoring plant response. This study
explores the application of a one-dimensional autoencoder for
detecting abnormal patterns in electrophysiological signals recorded
from plant branches. The autoencoder achieves this by learning to
compress the input signals and reconstruct them from the
compressed signal. Signals that show high reconstruction errors are
considered to significantly differ from the learned normal patterns
and are flagged as potential anomalies. Signals from multiple plant
species such as Araucaria, Cyperus, Hedera, Mentha, Ocimum,
Plectranthus, Ruta, Salvia, Solanum were preprocessed digitally
using detrending, temporal shifting, and normalization techniques.
Model performance was evaluated using Mean Absolute Error
(MAE) and Intersection over Union (IoU) metrics. Results indicate
that reliable anomaly detection was achieved for four species
Ocimum (1oU: 0.615), Plectranthus (0.701), Ruta (0.631), and
Solanum (0.670), while other species exhibited lower IoU scores,
likely due to weaker or less distinguishable electrophysiological
responses. The result also shows that while autoencoder approach
can detect abnormalities in some plant species, their performance is
highly correlated on species-specific signal pattern.
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I. INTRODUCTION

Electrophysiological signals such as action potentials,
variation potentials, and related voltage changes are some of the
earliest responses that plants produce when facing stress
conditions like wounding, drought, salinity, or pathogen attack.
These signals travel through the plant and help activate its defense
mechanisms [1]. These signals happen before any visible
symptoms shows such as wilting, discoloration, curling. so they
can be used as an early warning system, allowing farmers to
respond faster and protect crop yields. With the development of
plant-friendly sensors and low-power recording devices, it is now
possible to monitor these signals continuously in the field without
harming the plants, leading to large volumes of useful data [2]. The
main challenge lies in turning signal data into reliable indicators
of plant health. The information we get from signal such as
amplitude, shape, and baseline drift can vary between species,
across growth stages, and even within the same plant. In addition,
the lack of open-source and well-labeled datasets makes it hard to
develop a supervised learning models.

In order to address the current challenge regarding the dataset
and information from signal, one popular approach is to use
reconstruction-based autoencoders, which learn to compress and
rebuild normal signals. If a signal is significantly different from
what the model has learned, it will show a high reconstruction
error and can be marked as abnormal [3], [4]. Another method is
clustering, such as K-means clustering, which defines regions of
normal signals in the feature space and identifies points far from
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these clusters as outliers [5], [6]. Both approaches have shown
reliable results in industrial and medical applications [7], [8].
However, their performance in plant electrophysiology is still
unclear, especially since there is no established multi-species
benchmark dataset.

The primary contribution of this research is the application of
an autoencoder model, combined with detrending and
normalization preprocessing methods, to detect plant anomaly
responses to external stimuli demonstrates the potential of using
electrophysiological signals based on the open dataset published
by Madariaga et al. [9] for early warning applications.

II. RELATED WORKS

Many studies have shown that plants respond to stress through
changes in their electrical signals [10], [11]. Research has
demonstrated that different types of stress produce distinct
waveforms. Mudrilov et al. [12] found that heat, burning, and
mechanical damage each trigger unique electrical pulses. These
differences in pulse height and recovery time act like fingerprints
that reflect the specific condition affecting the plant.

Recent progress in sensor design and signal analysis is helping
move electrophysiological monitoring closer to real-world use.
Wen et al. [13] inserted flexible fiber-based electrochemical
transistors into the xylem and discovered that hydrogen peroxide
bursts travel with variation potentials during heat and light shocks.
These bursts and electrical signals strengthened each other,
showing how chemical and electrical responses are closely
connected during long-distance signal transmission.

Zhou et al. [14] developed a microneedle electrode array that
attaches to the surface of a leaf. They combined it with an on-board
XGBoost model to detect in real time whether the plant is under
drought, salt stress, or mechanical damage. In another study, Furch
et al. [15] showed that when a plant detects a bacterial peptide
(flg22), it sends out electrical signals that move through the
vascular system, close the sieve tubes, and activate defense
responses. This proves that electrical signals also carry
information about microbial threats.

These findings shows that plants generate unique electrical
signatures when exposed to different types of stress. By leveraging
a flexible sensors and machine learning techniques, we can
analyze these signals to determine the plant's condition. This
enables early detection of stress, which helps save resources and
improve crop productivity.

III. METHODS

To detect abnormalities in plant electrophysiological signals,
we combined signal preprocessing with a semi-supervised
anomaly detection model (Fig. 1). The raw signals were first
detrended to remove baseline drift, then augmented to increase
data diversity, and finally normalized to maintain a consistent
scale across all recordings. A one-dimensional autoencoder trained
only on normal data, using a sliding window approach to divide
signals into smaller sections. During evaluation, the model flagged
any input with a high reconstruction error that exceeded the
predefined threshold as a potential anomaly.
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Fig. 1. Step-by-step process flow in detecting anomaly.

A. Electrophysiological Signal Dataset

Electrophysiological signals were recorded from sixteen
different plant species by wrapping an electrode around the plant
branch with conductive gel applied at the contact point. The
electrode was connected to a Plant SpikerBox amplifier for signal
acquisition. Each recording is annotated with markers that indicate
the start (marker ID 1) and end (marker ID 2) of external stimuli
[9]. For this study, only those species with recordings that included
both markers, ensuring complete information about stimulus
events are selected. During training, we used only the segments
labeled as "normal," which are located outside the stimulus period.
For evaluation, both normal and stimulus segments were included.

Table 1 summarizes the species included in this study, the
number of recordings per species, and the reasons for excluding
certain species. The reason some species were excluded from this
study is primarily due to incomplete labeled data, such as missing
end markers (marker id 2) for stimulus events or a limited number
of recordings (only one or two available samples).

TABLE L. DATASET INFORMATION
Plant Species Usability Total Signal Remarks
Araucaria Yes 7 signals -
Cyperus Yes 8 signals -
Dionaea No 2 signals Insufficient
data
Drosera No - Incomplete
marker file
Hedera Yes 9 signals -
Melissa Yes 15 signals -
Mentha Yes 16 signals -
Mimosa No 2 signals Insufficient
data
Ocimum Yes 38 signals -
. . Insufficient
Origanum No 1 signal data
. Incomplete
Peperomia No - marker file
Plectranthus Yes 23 signals -
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S . Insufficient
Polypodiopsida No 2 signals data
Ruta Yes 36 signals -
Salvia Yes 30 signals -
Solanum Yes 17 signals -

B. Signal Pre-Processing

To improve signal quality and increase training data, all raw
signals were preprocessed using three steps:
e Detrending

Generally, detrending is used to remove slow changes or drifts
baseline in the signal, which can be caused by sensor sensitivity
or gradual environmental changes [16], [17]. Since the stimulus
response in plant signals are usually quick and volatile, therefore,
detrending helps us focus on these real and fast events rather than
the slow background shifts.

The progress begins by identifying a linear trend in each
signal through fitting a linear regression line (Fig. 2), using the
least squares to estimate the slope (a), intercept (b) and time index

®).

x[tl=at+b (€Y
" \\\\k

3 —L

z T e

5 Ve

\\\\
Time (seconds) . Original
. Linear Trend

Fig. 2. Linear Regression Trend.

The detrended signal was then obtained by subtracting this
linear trend (Fig. 3).

XDetrended [t] = X[t] - (at + b) (2)
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Fig. 3. Original and Detrended Signal Comparison.

e Augmentation

Due to the limited size of the signal data available for each
species, we expanded the dataset by applying shift augmentation,
in which the original signals are shifted along the temporal axis
to generate additional samples., where the shift value s is
randomly selected with a maximum offset of 1 s to the left or right
This step increases the number of training samples from each
original recording, which is especially valuable when available
data is scarce.

XShifted [t] = XDetrended[(t + 5)] (3)

¢ Normalization

Finally, all signals (original and augmented) were normalized
to zero mean and unit variance, where p and ¢ denote the mean
and standard deviation of each shifted signal, respectively. This
normalization ensures a consistent scale across all signals,
enabling fair comparison and focusing analysis on the shift
patterns rather than differences in raw amplitude.

Xsniftea [t] — 1
XNorm [t] = mef 4

These preprocessing steps remove unwanted baseline trends,
expand the training set, and ensure that all signals are on a
consistent scale.

C. Autoencoder Modeling

Autoencoder is a method designed for unsupervised
representation learning and data reconstruction. It consists of an
encoder and decoder. The goal of the encoder was to reduce the
input data into a lower-dimensional latent space, and the decoder
attempted to reconstruct the original input from this reduced
representation as closely as possible, thereby minimizing the loss
between the original and reconstructed input. During testing, the
autoencoder reconstructed data that it had seen during training.
When it encountered inputs that differed significantly from the
training data, it produced high reconstruction errors. By leveraging
this behavior, we detected anomalies by identifying input
segments where the reconstruction errors exceeded the predefined
threshold obtained during training [18].
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Fig. 4. Autoencoder network structure.
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D. Evaluation Metrics

To evaluate the performance of our anomaly detection method,
we use two evaluation metrics which are Mean Absolute Error
(MAE) and Intersection over Union (IoU). MAE quantifies the
average difference between the original signal (X;) and
reconstruction signal ()?L) over N samples where lower MAE
value indicates more accurate signal reconstruction by the
autoencoder.

N
1 5
i=1

IoU analyze the overlap area between the detected anomaly
and the ground truth anomaly. A is the set of detected anomaly
indices and G is the set of ground truth anomaly indices. Higher
IoU value indicates better localization and stronger agreement
between the detected anomalies and the ground truth.

ANnG

loU =
“Taua

(6)

In general, MAE is a widely used metric for evaluating
reconstruction quality in regression and signal processing tasks,
while IoU is commonly used to evaluate the accuracy of predicted
regions or segments by comparing the predicted area and the
ground truth area in applications such as image segmentation or
event detection.

IV. RESULTS AND DISCUSSION

Anomaly detection evaluation was conducted by applying a
separate autoencoder model to each plant species. In the initial
phase of the experiment, we compared preprocessing with and
without detrending to determine the most suitable approach for our
dataset.

Based on the results presented in Table 2, the comparison
shows that applying detrending during preprocessing generally
leads to clear improvements in model performance. Therefore,
detrending was selected as the standard preprocessing method for
the remainder of this study. After establishing the effective
preprocessing strategy, we proceeded to evaluate the overall
performance of the proposed model across the complete dataset.

The results in Table 3 show that, under identical preprocessing
pipelines and training procedures, reliable abnormality detection
was achieved only for the species Ocimum, Plectranthus, Ruta,
and Solanum species. These four species attained notably higher
average IoU and IoU > 0.5 scores, indicating better alignment
between the detected and ground truth anomaly regions (Fig. 5).
Meanwhile, species with lower IoU scores often also show lower
MAE values, which may suggest either a lack of significant signal
changes in response to stimuli or the presence of high signal noise
(Fig. 6). Both of which make it difficult for the model to
distinguish between normal and anomalous patterns.

TABLE IIL. EACH SPECIES PERFORMANCE EVALUATION
Plant Species MAE Loss Average IoU IoU > 0.5
Araucaria 0.0476 0.435 57.1%

Cyperus 0.0185 0.426 25.0%
Hedera 0.0511 0.050 0%
Mentha 0.0681 0.245 7.7%
Ocimum 0.0635 0.615 68.4%
Plectranthus 0.0662 0.701 94.1%
Ruta 0.0374 0.631 84.6%
Salvia 0.0500 0.348 33.3%
Solanum 0.0563 0.670 84.6%
o
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Fig. 5. Success Inference Result.

TABLE II. DETREND COMPARISON
Plant Species Without With Detrend
P Detrend (ToU) IoU)
Ocimum 0.558 0.615
Plectranthus 0.669 0.701
Solanum 0.530 0.670
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Fig. 6. Failed Inference Result.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1697



It was also observed that the dataset contained uncertain data,
with stimulus-like signals appearing outside the labeled stimulus
regions and non-stimulus-like signals present within the stimulus
regions. (Fig. 6). This uncertainty is observed across all species.
However, quantitative analysis and our observations reveal that
Ocimum, Plectranthus, Ruta, and Solanum exhibit a lower
incidence of uncertain data compared to other species. This
inconsistency can cause the model to learn false peaks and
incorrectly classify them as normal. As a result, during prediction,
the model may fail to detect actual anomalies or misclassify
normal-like patterns within the stimulus area, leading to lower IoU
scores. While the autoencoder was effective in identifying
anomaly patterns in the signals, its performance was highly
dependent on the species-specific signal responses to both
stimulus and normal conditions.
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Fig. 7. Uncertain Data.

Overall, the findings suggest that the success of autoencoder-
based anomaly detection can vary considerably across plant
species. Factors such as signal quality, inherent physiological
response, and the amount of available training data likely
contribute to these differences.

V. CONCLUSION

This study highlight the effectiveness of an autoencoder-based
approach  for detecting abnormal pattern in plant
electrophysiological signal triggered by external stimuli. By using
preprocessing methods such as detrending and normalization, the
model is able to detect anomaly patterns in the signal for Ocimum,
Plectranthus, Ruta, and Solanum plant species. As for the 4 plant
species mentioned, the model achieves average IoU scores from
0.615 to 0.701 and IoU > 0.5 scores from 68.4% to 94.1%
indicating a successful alignment between the ground truth and
predicted anomaly area. For the other species, the model exhibited
much lower average IoU and IoU > 0.5 scores ranging from 0.050
to 0.435 and 0% to 57.1%. This may indicate a weaker and
uncertain responses or challenge in signal quality and annotation
accuracy. These result shows that while autoencoder approach can
detect abnormalities in some plant species, their performance is
highly correlated on species-specific signal pattern. Future work
should aim to improve detection in underperforming species by
incorporating additional signal features and enhancing the quality
of data annotation and collection strategies.
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