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Abstract

Kinetic shock triggers thigmomorphogenetic responses in plants, posing both an unin-
tended handling risk and a deliberate technique to enhance ornamental value. Detecting
its immediate, non-visual impacts remains a challenge. This study used non-destructive
contact spectroscopy to detect short-term kinetic stress in three species with distinct leaf
anatomies (Alocasia sp., Monstera deliciosa, Ficus elastica) under 20 s and 40 s stimuli. While a
pooled global classification model failed due to anatomical variations masking the universal
stress signal (70% accuracy), optimized species-specific models revealed distinct dynamics.
At 0 min post-stress, high variance and low separability occurred across all species. How-
ever, a diagnostic change emerged within 30 min for Alocasia sp. (79.37%) and Ficus elastica
(77.50%); the same tendency could not be confirmed for Monstera deliciosa, and further
investigation is needed to support this pattern. Ficus elastica’s distinct architecture also
proved consistently the least sensitive of three species in the pooled control-versus-treated
comparison. A significant dosage effect was captured only in Alocasia sp. (87.50% accuracy).
Spectral index analysis showed the dominance of the Normalized Difference Water Index
(NDWI), suggesting the change reflects micro-structural leaf turgor modifications rather
than biochemical changes. Results indicate that leaf spectroscopy has the potential to
diagnose transport injury and monitor conditioning.

Keywords: kinetic shock; indoor farming; spectroscopy; PLS-DA

1. Introduction

In commercial horticulture, kinetic stimuli exhibit dual nature. Unintended shock
from transport or handling induces post-harvest injury, compromising aesthetic quality.
Conversely, deliberate thigmomorphogenetic conditioning, like controlled vibration, is
used to dwarf plants, creating a compact architecture with higher market value. Because
these immediate cellular shifts are non-visual, traditional assessments fail. This creates a
need for rapid, non-destructive tools like contact leaf spectroscopy to optimize both stress
mitigation and automated growth regulation.

1.1. Physiological Triggers to Manipulate Plant Growth

Indoor ornamental production encompasses a wide diversity of species selected al-
most exclusively for visual traits, compact canopy symmetry, and structural form [1]. To
consistently achieve these target aesthetics, modern greenhouse operators possess an array
of physiological triggers to manipulate plant growth and architecture.
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As part of genetic and transgenic regulation, targeted gene expression edits can per-
manently suppress stem elongation and yield dwarf phenotypes [2]. Exogenous hormonal
growth regulators like paclobutrazol or chlormequat chloride suppress gibberellin biosyn-
thesis, reliably forcing a more compact canopy [3]. Nutritional deprivation strategies can
deliberately activate systemic architectural defense mechanisms that curtail vertical stem
elongation [4]. Photomorphogenetic lighting regimes can activate phytochrome and cryp-
tochrome photoreceptors to guide stem extension [5]. While the other four methodologies
remain established options in the commercial toolkit, a chemical-free, sustainable architec-
tural manipulation lies in thigmomorphogenesis—the structural alteration of plant growth
patterns in direct response to mechanical stimulation [6,7]. It operates completely free of
synthetic chemicals, ensuring operator safety, while carrying no risk of the irreversible
visual blemishes caused by localized nutrient starvation [8]. Mechanical stimulation can
deliver a clean and easily automated physical input that optimizes ornamental compact
form while preserving tissue integrity and product marketability.

1.2. Mechanical Stress in Commercial Practice

To successfully integrate physical conditioning into indoor facilities, the mechanical
stimulus needs to be scalable and repeatable. Historically and commercially, greenhouse
operators have relied on distinct categories of physical interventions to suppress stem
elongation and encourage compact growth. Brushing and stroking are commonly deployed
in high-density seedling and plug production: PVC pipes, canvas sheets, or horizontal bars
physically sweeping across plant canopies multiple times a day [9-11]. Direct physical
rubbing can micro-wound the leaf cuticle and easily vector foliar pathogens [12]. Forced
air and wind-sway are rooted in classic forestry nursery concepts. This method exposes
crops to high-velocity fans or localized air jets to induce structural stunting and stem
thickening [7,13]. It can trigger immediate spikes in transpiration rates, localized leaf
cooling, and microclimatic humidity fluctuations [7]. Acoustic pressure waves involve
the application of specific sound frequencies to stimulate plant tissues without physical
contact [14,15]. Manual flexing and rubbing are applied primarily in small-scale viticulture
or high-value boutique horticulture [6,9]. While highly targeted, manual flexing causes
microscopic tissue micro-fractures and stress-induced cellular necrosis if executed unevenly.
Because it is completely unquantified, labor-intensive, and prone to human error, it remains
entirely unviable for commercial vertical farming frameworks. A special type of mechanical
stress is transportation and logistical vibration. Plants routinely experience chronic, multi-
axis kinetic stress during post-harvest logistical chains. Commercial vehicle transportation
subjects ornamental foliage crops to continuous low-frequency vibrations (typically ranging
from 1 to 20 Hz) with high-amplitude transient shocks from road unevenness. During
road transport, potted ornamentals may be exposed to vibration-induced mechanical stress.
Under simulated transport conditions, visible leaf and flower damage was observed in
several pot-plant species, with part of the injury attributable to contact with packaging
and support materials [16,17]. Consequently, evaluating this unintended post-harvest
kinetic signature is a critical economic priority for logistics quality assurance, yet it remains
unquantified due to the lack of non-destructive diagnostic tools capable of tracking cellular-
level shock signatures prior to the onset of visible cosmetic damage.

1.3. Quantified Mechanical Stress

In nature and commercial production, plants are subjected to a wide range of kinetic
energies, from subtle vibrations to high-acceleration events. As characterized by De Lan-
gre [18], the lower end of this range is dominated by aerodynamic drag and boundary
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layer fluctuations, which primarily influence gas exchange and transpiration rather than
permanent structural form.

Transitioning these stimuli into reliable agronomic inputs requires an understanding
of dose-responsiveness; [19] established that thigmomorphogenetic outcomes are funda-
mentally proportional to the strain energy or bending moment applied to the plant tissue.
While commercial interventions like mechanical brushing have been proven to apply sulffi-
cient force to control height and induce stunting [11], these contact-based methods often
deliver high localized accelerations (exceeding 5 g) that carry a significant risk of cuticular
micro-wounding and biological liability [9].

The 2 g target threshold utilized in this research represents a “high-intensity, non-
destructive” dosage. It is calibrated to provide sufficient inertial loading to trigger acute
physiological signaling (particularly in large-leaved ornamentals where the leaf mass acts
as a natural lever) without reaching the mechanical failure point of the petiole or leaf
lamina. Table 1 shows different magnitudes of mechanical stimuli.

Table 1. Mechanical stimuli affecting plants: source-specific stimulus descriptors and biological outcomes.

Source of Mechanical
Stress

Recommended Descriptor Main Reported Outcome Key Reference(s)

Ambient airflow

Wind-induced sway

Transport vibration

Controlled vibration
(present study)

Mechanical brushing

Controlled bending

Modifies boundary-layer conditions,

gas exchange and plant hydraulics; [20]
effects may differ from stem flexure.

May reduce elongation and induce

Air velocity and exposure
duration

Wind speed, gustiness, and stem

or leat deflection mechar}lcal acclimation, depepf:hng on [18,21]
species and exposure conditions.
Random-vibration profile, May cause visible leaf and flower
duration, plant fixation and damage, particularly through rubbing [16]
packaging configuration and contact with packaging materials.
Peak platform acceleration: 2.0 g;  Acute spectral response evaluated in Present stud
treatment duration: 20 or 40 s the present study:. y
Number of strokes per day; crop Can reduFe stem elongat.lon; the
response is strongly species- and [10,11]
developmental stage
dose-dependent.
Applied bending strain; number Strain-dependent mechanosensitive [22]
and duration of bending events growth responses may occur.

1.4. The Role of Spectroscopy in Horticulture

The technical evolution of indoor farming systems relies on advanced control and
automation networks. Historically, environmental regulation focused on macro-level ad-
justments, utilizing static sensors to log ambient air temperatures, humidity, and substrate
electrical conductivity. However, maintaining a truly dynamic feedback loop requires
shifted emphasis from tracking the room’s atmosphere to actively observing the plant’s
immediate physiological status [23]. Remote sensing and spectroscopy serve as highly
sensitive diagnostic tools to bridge this gap, gathering high resolution, multi-layered physi-
ological and environmental information directly from the living tissue canopy [1,24-26].
By capturing non-destructive optical and spectral data, these technologies sense real-time
micro-fluctuations in light energy absorption, photon scattering, and chemical reflection
profiles [24]. High-resolution spectroscopy can be leveraged as a real-time feedback loop to
assess whether an applied physical stress was sufficient to trigger the target thigmomor-
phogenetic change, or conversely, if it was excessive enough to induce cellular damage [23].
This precise optical monitoring window allows automated indoor systems to tune and
validate stress dosages, ensuring crops receive an optimal, productive conditioning regimen
before any macroscopically visible morphological adjustments or injuries manifest.
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1.4.1. Spectral Regions

Plant reflectance spectra captured across the contiguous 350-2500 nm range provide
a continuous diagnostic look into leaf physiology. The full spectrum is divided into
three major optical bands sensitive to specific anatomical features and stress-induced
chemical transitions.

Visible (VIS) region (350-700 nm) is governed by light absorption from key photo-
synthetic pigments (Chlorophyll a, Chlorophyll b, and carotenoids). Sudden physical
stress triggers a rapid biochemical signaling loop, which can alter chloroplast alignment
and generate reactive oxygen species (ROS) [8,27]. As established by Frampton et al. [27],
the red-edge spectrum (specifically the transition zone near 700 nm) operates as an ultra-
sensitive indicator of early stress; oxidative cellular environments and ROS accumulation
degrade pigment concentrations, causing the red-edge position to rapidly shift toward
shorter wavelengths.

Near-Infrared (NIR) region (700-1300 nm) is controlled by internal leaf macro-structure
and cellular arrangement. The high scattering and reflectance observed in the NIR plateau
do not depend on chemical absorption but are instead a function of the physical boundaries
between cell walls and intercellular air spaces within the mesophyll layer [27]. Long-
term thigmomorphogenetic adaptation directly alters cell wall viscoelasticity, micro-fibril
orientation, and intercellular packing to structurally fortify tissues against mechanical
stress, fundamentally reorganizing these internal NIR scattering interfaces [14,28].

Short-Wave Infrared (SWIR) region (1300-2500 nm) is sensitive to water content, along
with structural biochemical components like proteins, lignin, and cellulose. Liquid water
absorbs heavily in the SWIR bands (characterized by distinct O-H bond stretching near
1400 nm and 1900 nm) whereas organic molecules like structural proteins display strong
absorption features near 2200 nm [27]. Sudden mechanical stress can trigger immediate
turgor loss, rapid stomatal closure, or localized protein modifications, driving measurable
reflectance shifts across these long-wave infrared water bands [23,27].

1.4.2. Vegetation Indices

To compress multi-dimensional spectral information, mathematical band formulations
known as vegetation indices are utilized [24]. Rather than relying on isolated, uncalibrated
raw reflectance bands, vegetation indices isolate specific wavelength ratios or normalized
difference equations to emphasize subtle physiological transformations. It can also min-
imize background atmospheric noise or leaf geometry scattering in imaging [29]. When
isolating the structural and metabolic shifts triggered by automated kinetic forces, specific
narrow-band indices (Table 2) serve as the diagnostic tools to systematically differentiate
between acute physiological shock and permanent structural acclimation [29,30].

Table 2. Narrow-band vegetation indices examined to characterize acute and chronic plant response
against mechanical stress.

Category

Index Name Abbrev. Equation Physiological Significance = Reference

Acute Stress

Acute Stress

Chronic Stress

Tracks xanthophyll cycle

Photochemical shifts and instantaneous

Reflectance Index PRI (Rsa1 = Rs70)/(Rsa1 + Rso) photosynthetic light-use (311
efficiency.
Detects rapid cellular
Water Band Index WBI Ro70/Rogp turgor drops and initial [32]

Modified Red Edge

NDVI

stomatal closure events.
Maps long-term structural
MRENDVI (R750 — R705)/(R750 + R705 — 2-R445) changes with specular [33]
surface correction.
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Table 2. Cont.
Category Index Name Abbrev. Equation Physiological Significance =~ Reference
Normalized fid votumes, celluns
Chronic Stress leferlezrig::XWater NDWI (R860 - R1240)/(R860 + R1240) packing, and specific leaf [34]
area.
Red-edge chlorophyll and
Normalized nitrogen indicator; sensitive
Chronic Stress Difference Red Edge NDRE (R790 — Ry20)/ (R790 + R70) to pigment decline and [35]

sub-visible physiological
stress.

1.5. Research Objectives

Transitioning thigmomorphogenesis from a qualitative concept into a reliable agro-
nomic input requires a precisely quantified stress stimulus. In this study, a new solution
is introduced and tested with an automated, non-contact horizontal oscillation regime
yielding a peak acceleration of 2 g (19.6 m/s?) applied for durations of 20 and 40 s, utilizing
an exact and precisely reproducible kinetic dosage where the physical load experienced
by the foliage is a direct mathematical product of the plant’s own mass. Because the me-
chanical stress is completely non-contact, driven purely by leaf inertia, there is no risk of
cuticle abrasion or pathogen transmission [11,12], or disruptions caused by wind-sway [7],
providing a clean baseline for spectral tracking. To validate this approach, our experimental
design translates core physiological observations into three verifiable research hypotheses
across three target indoor species (Alocasia sp., Monstera deliciosa, and Ficus elastica).

1.5.1. Spectral Detectability of Kinetic Stress

Mechanical disturbance triggers immediate biochemical signaling. These internal
transitions alter leaf water status and pigment cycles, creating subtle reflectance variations
across the full spectrum (350-2500 nm) that should be mathematically isolatable using
supervised machine learning.

Research question 1: Can multivariate classification models (PLS-DA) successfully
differentiate between control plants and those subjected to non-contact 2 g kinetic shock
before macroscopic changes manifest?

1.5.2. Temporal Sensitivity of the Shock Response

Plant physiological responses to kinetic loading are transient and dynamic. The
biological signal likely requires a brief ‘incubation’ period post-stimulus to reach a peak
reflectance divergence (driven by stomatal regulation and turgor fluxes) that provides the
highest statistical contrast against the pre-treatment state.

Research question 2: At what specific interval within the acute post-stress window (0,
15, and 30 min) does the spectral signature of thigmomorphogenetic signaling reach its
maximum separability?

1.5.3. Influence of Kinetic Dosage

Thigmomorphogenesis is documented as a dose-dependent phenomenon. By compar-
ing two different durations at a constant acceleration magnitude, we aim to determine if a
longer stimulus transfers sufficient additional energy to the plant to yield a more robust
and easily classified spectral footprint.

Research question 3: Does increasing the duration of the 2 g stimulus from 20 s to 40 s
result in a significantly different or more intense spectral signature?
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1.5.4. Anatomical and Morphological Divergence

The inertial load experienced by a leaf is a product of its mass and leverage. Species
with compliant, broad, and high-mass leaves (Alocasia, Monstera) undergo more significant
physical deformation and petiole bending during horizontal oscillation than rigid, cuticular
species (Ficus). We expect these herbaceous morphologies to produce more pronounced,
high-amplitude shifts in their spectral profiles. This expectation is grounded in plant
biomechanics: a plant’s dynamic response to vibration is governed by how close the
excitation frequency lies to the natural (resonant) frequencies of its stem-petiole-leaf
system, which are set by tissue stiffness and mass distribution [36]. Stiff, high-leaf-mass-
per-area species such as Ficus have higher natural frequencies and resist deformation, and
may additionally mask internal change through their thick, reflective cuticle [37,38].

Research question 4: How does baseline leaf anatomy (flexible/herbaceous vs. rigid/cuticular)
dictate the amplitude and accuracy of the spectral stress signature?

2. Materials and Methods
2.1. Plant Material and Controlled Growth Conditions

The experiment was conducted at the Hungarian University of Agriculture and Life
Sciences (MATE), Institute of Technology, within a specialized indoor farming facility [39].
Three ornamental species were selected for study: Ficus elastica, Alocasia sp. (dwarf variety),

and Monstera deliciosa (Figure 1).

Monstera deliciosa Alocasia sp.

(dwarf version)

Figure 1. Experimental plants.

Plants were grown in a climate-controlled chamber (Figure 2) maintained at a constant
22 °C. A 12-h photoperiod (12 h light/12 h dark) was provided by 12 Gro-Lux T8 fluorescent
tubes (58 W each), specifically designed for plant growth. The plants were grown in Wilma
drip-irrigation pots (ATAMI B.V., Rosmalen, The Netherlands) containing a 3 cm base layer
of clay pebbles topped with general-purpose potting soil. Nutrient supply was maintained
via two slow-release fertilizer sticks per pot. Irrigation was automated, providing 2 min of
dripping water supply twice a week. To ensure physiological stability and representative
baseline data, all plants underwent a month-long undisturbed acclimation period under
these conditions prior to the commencement of mechanical stress treatments.
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Figure 2. Plant growing chamber.

2.2. Mechanical Stress Induction

Mechanical stress was delivered using a refurbished and specially retrofitted Fritsch
Analyzette 18.002 oscillation sieving machine (FRITSCH GmbH, Idar-Oberstein, Germany)
(Figure 3).

Figure 3. Modified Fritsch Analyzette 18.002 oscillation sieving machine.
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2.2.1. Custom Securement Framework

To accommodate the high-intensity agitation, a custom-engineered mounting frame
was retrofitted to the machine’s platform. This frame was specifically designed to hold the
plant pots in a fixed position, ensuring that the containers remained secured and that the
2 g acceleration was transferred directly to the plant—soil system without lateral slippage
or dampening.

2.2.2. Stress-Level Determination

To define the optimal experimental parameters, preliminary destructive testing was
conducted on a separate group of test plants. These individuals were subjected to increas-
ing acceleration magnitudes until macroscopic tissue failure and permanent mechanical
damage occurred. Based on these threshold trials, a 2 g peak acceleration (19.6 m/s?) was
selected as the study’s intensity dosage; this level was found to be the maximum intensity
capable of eliciting a robust physiological response while remaining safely below the limit
of irreversible structural injury.

2.2.3. Frequency and Calibration

The oscillation speed was regulated via an electronic potentiometer. For all experi-
mental groups, the device was set to level 8, corresponding to a shaft speed of 286 rpm.
To confirm the precise kinetic load, the system was mapped using a Kelag KAS903-02A
dual-axis accelerometer (KELAG Kiinzli Elektronik AG, Schwerzenbach, Switzerland)
(measurement range +12 g). Data recorded at 9600 Hz confirmed that the radial path of
the secured frame yielded a consistent 2 g peak acceleration (19.6 m/s?) at an excitation
frequency of 4.77 Hz (corresponding to the 286 rpm motor speed). The movement pattern
of the system is described below (Figure 4).
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Figure 4. Oscillation characteristics.

The equipment and methodology were refined as follows.
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2.2.4. Experimental Durations

Using this standardized 2 g (19.6 m/s?) peak acceleration, plants were divided into two
treatment groups to evaluate temporal dosage: Group I received a 20-s oscillation, while
Group Il received a 40-s oscillation. A third group was maintained as a non-agitated control.

2.3. Proximal Spectral Measurements

Leaf reflectance spectra (350-2500 nm) were captured using an ASD FieldSpec 3 MAX
spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) (Figure 5).

I {

Figure 5. ASD FieldSpec 3 MAX Spectroradiometer.

To eliminate interference from ambient lighting and ensure high signal-to-noise ratios,
an ASD Plant Probe (Analytical Spectral Devices Inc., Boulder, CO, USA) (contact probe)
with an internal halogen light source was utilized (Figure 6).

Figure 6. Plant probe sensorhead.
The measurement protocol followed a strict sequence:

2.3.1. Calibration

The instrument warmed up for 30 min. Before each measurement series, a white
reference calibration was performed using a Zenith Reflectance Target (95% reflectance).

2.3.2. Sampling

Three leaves per plant were marked for the entire duration of the experiment. Measure-
ments were taken at the adaxial surface. To prevent background scattering, a specialized
black rubber sheet was placed behind the leaf during every scan (Figure 7).
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Figure 7. Contact measurement.

2.3.3. Data Integration

Each saved spectrum was the average of 7 internal scans.

2.3.4. Temporal Resolution

Measurements were recorded at four intervals: pre-treatment (baseline), immediately
post-treatment (0 min), 15 min post-treatment, and 30 min post-treatment. This sequence
allowed for the tracking of the acute physiological ‘shock” and early recovery phases.

2.4. Spectral Data Pre-Processing and Multivariate Statistics
2.4.1. Computational Environment and Software

All data processing, visualization, and statistical modeling were performed using the
Python programming language (version 3.13) within the Microsoft Visual Studio Code
Integrated Development Environment (IDE) (version 1.130.0). The analytical pipeline relied
on the following scientific libraries: NumPy (version 2.2.6) and Pandas (version 2.3.3) for
data manipulation; Matplotlib (version 3.10.7) and Seaborn (version 0.13.2) for graphical
representation; Specdal (version 0.2.1) for specialized spectral handling; and Scikit-learn
(version 1.8.0) for multivariate modeling and machine learning.

2.4.2. Spectral Pre-Processing Pipeline

To eliminate instrument noise and physical scattering effects, a pre-processing work-
flow was applied to the raw reflectance spectra (350-2500 nm).

Detector Splice (Jump) Correction

To account for the inherent sensitivity shifts between the three detectors of the ASD
FieldSpec 3 MAX, jump correction was applied at the 1000 nm and 1830 nm splice points.
Using the specdal.Collection.jump_correct() function with an ‘additive’ method, the central
region (1000-1830 nm) was utilized as a reference to parallelly shift the flanking regions.

Smoothing and Derivation

A Savitzky-Golay filter was utilized to minimize high-frequency noise while preserv-
ing physiological signal features. The entire spectrum was smoothed using a window
length of 10 and a 4th-order polynomial. Simultaneously, the first derivative of the spectra
was calculated to resolve overlapping absorption features and remove baseline shifts.
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Logarithmic Transformation

For specific sub-analyses, a base-10 logarithmic transformation was applied to the
first derivative spectra to enhance the linearity of the relationship between reflectance and
chemical concentrations.

Standardization

To mitigate the influence of leaf geometry and light scattering variations, Standard
Normal Variate (SNV) transformation was performed. It removes physical multiplicative
scattering and baseline shifts caused by leaf surface texture, thickness, and probe contact
angles. This centered each spectrum to a mean of zero and scaled it to unit variance
(standard deviation of 1).

2.4.3. Partial Least Squares Discriminant Analysis (PLS-DA)

To differentiate between experimental groups (control vs. treated) and to eval-
uate the influence of kinetic dosage (20 s vs. 40 s), Partial Least Squares Discrim-
inant Analysis (PLS-DA) was employed. The models were implemented using the
sklearn.cross_decomposition. PLSRegression object.

Model Architecture

The models were fitted using three latent variables (LVs) to maximize the explained co-
variance between the spectral predictors (explanatory variables) and the binary/categorical
group assignments (response variables).

Data Partitioning and Independence

To ensure the statistical independence of the results and avoid overfitting, the dataset
was split into training and testing sets based on individual leaves rather than random
spectral sampling. From each plant, two leaves were assigned to the training set, while the
third leaf was reserved exclusively for the test set. This “held-out leaf” approach ensures
the model’s predictive accuracy is validated on biologically independent tissue.

2.4.4. Statistical Validation and Effect Size Interpretation

The significance of the spectral divergence was assessed by performing a Mann—
Whitney U test on the first latent variable (LV1) scores. Beyond traditional p-values,
which indicate whether a difference exists, the magnitude and practical significance of the
physiological response were quantified using four distinct effect size metrics:

Cohen’s d

Measures the standardized difference between group means, providing a scale-
independent metric to evaluate the strength of the spectral shift between control and
treated states.

Rank-Biserial Correlation (r)
A non-parametric measure used to evaluate the strength and direction of the associa-
tion between the mechanical treatment and the resulting spectral variation.

Cliff’s Delta (6)

A robust, non-parametric effect size metric that quantifies the degree of overlap
between the distributions of the two groups, representing how consistently the treated
samples deviate from the control baseline.
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Common Language Effect Size (CLES)

Expresses the results in probabilistic terms, representing the likelihood that a randomly
selected plant from the treated group will exhibit a more intense spectral response than a
randomly selected plant from the control group.

2.4.5. Classification Metrics

To evaluate the “spectral detectability” of the thigmomorphogenetic shock and the
diagnostic utility of the PLS-DA models, the predictive performance was assessed using
the following classification indicators:

Accuracy

Calculated as the proportion of correctly classified instances (both true positives and
true negatives) out of the total number of samples in the independent test set. This provides
a baseline measure of the model’s ability to distinguish between treated and untreated
physiological states.

Weighted F1-Score

The harmonic mean of Precision and Recall. By utilizing a “weighted” average, this
metric accounts for potential class imbalances in the dataset (e.g., varying sample sizes
between control and treatment groups), ensuring that the model’s performance is not
artificially inflated by a majority class and that both the sensitivity and specificity of the
shock detection are balanced.

Cohen’s Kappa Coefficient (x)

A robust metric that evaluates the degree of agreement between the predicted and
actual class assignments while adjusting for the probability of agreement occurring by
chance. This coefficient is critical for validating that the spectral classification is driven by
actual physiological signatures rather than random statistical noise, with values closer to
1.0 indicating near-perfect model reliability.

3. Results
3.1. Global Discriminant Analysis of Kinetic Stress

The initial phase of the evaluation focused on determining whether a universal hy-
perspectral response to mechanical vibration could be identified across the entire dataset,
regardless of species-specific anatomical variations. To establish this, all spectral samples
from Alocasia sp., Monstera deliciosa, and Ficus elastica were pooled, creating a comprehensive
database for multivariate analysis (n1 = 360 control vs. n2 = 2880 treated samples).

Before model fitting, a pre-processing and quality control pipeline was implemented.
This included a preliminary spectral screening to identify and remove outliers, primarily
those affected by instrument noise so that the underlying physiological signal remained
unclouded. To maintain biological independence and prevent overfitting, the dataset was
partitioned using a ‘held-out leaf” approach: two leaves from each plant were assigned to
the training set, while the third leaf was reserved exclusively for independent validation
(n = 1080 for the global test set). The global analysis described in this section was performed
exclusively on the filtered and normalized (SNV) reflectance spectra.

Non-parametric statistical analysis of PLS-DA transformed data (Figure 8) confirmed
that mechanical stimulation triggers a highly significant shift in the leaf reflectance profiles.
A Mann-Whitney U test performed on the first latent variable (LV1) scores revealed a defini-
tive spectral divergence between the control and treated populations (p < 0.001). Despite
this high level of statistical significance, the magnitude of the global effect size remained
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relatively modest, with a Cliff’s Delta of —0.289 and a Cohen'’s d of —0.480 (Table 3). The
Common Language Effect Size (CLES) of 64.44% indicates a moderate probability that a
randomly selected treated plant will exhibit a more intense spectral response than a control

plant when species are not analyzed individually.

control
treated (20 s)
treated (40 s)

T 5 LV3

LV1 60

Figure 8. Global PLS-DA 3D Score Plot (all species pooled), highlighting the initial overlap and clus-
tering trends. The visualization illustrates the statistical separation between control (pre-treatment)
and kinetic shock (post-treatment) groups. While the populations are statistically distinct (p < 0.001),
the overlap in the latent variable space highlights the masking effect of inter-species anatomical

diversity on the universal shock signature.

Table 3. Global statistical significance and classification performance metrics (pooled species).

Category Metric Value Statistical Notes
Group Separation (Pooled Data) Mann-Whitney p-value 1.5506 x 10718 Highly Significant
Cohen’s d —0.4798 Small effect size
Cliff’s Delta (8) —0.2888 Small effect size
CLES (Probability) 64.44% Moderate separability
Classification Performance Training Accuracy (n = 1680) 86.25% k = 0.840
Test Accuracy (n = 840) 69.64% k =0.2119
Weighted F1-score (Test) 0.7386 Balanced Precision/Recall

The predictive performance of the global PLS-DA model further illustrated the com-
plexity of a species-independent monitoring approach. While the model achieved a robust
training accuracy of 86.25%, its performance on the independent test set was moderate,
yielding an overall accuracy of 69.64% and a Cohen’s Kappa of 0.212. This notable reduction
in classification precision—and the associated confusion between classes—is primarily
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treated (20 s)
treated (40 s)

attributed to the significant spectral variance introduced by the diverse leaf morpholo-
gies of the three species. The broad, herbaceous leaves of Alocasia and Monstera produce
high-amplitude response signatures that differ fundamentally from the dampened spectral
shifts observed in the rigid, cuticular tissue of Ficus. These findings suggest that while a
global ‘shock’ signature is statistically present, the anatomical baselines of different orna-
mental species mask the universal signal, necessitating the more granular, species-specific
modeling approach detailed in the following sections.

3.2. Species-Specific Predictive Modeling

To overcome the masking effect identified in the global analysis, the dataset was parti-
tioned by species to develop optimized, autonomous classification models. This approach
allowed for the adjustment of spectral pre-processing techniques to match the unique
optical and anatomical characteristics of each plant. For Alocasia sp. and Ficus elastica, the
models were trained on first-derivative spectra to enhance subtle absorption features, while
for Monstera deliciosa, the raw reflectance spectra provided the most accurate classification.

3.2.1. Alocasia sp.: The High-Leverage Morphological Response

The most definitive spectral response was observed in Alocasia sp., where the non-
contact kinetic stimulus triggered a clear shift in transformed data (Figure 9). The species-
specific PLS-DA model achieved a near-perfect classification performance, with a test
accuracy of 96.43% and a Cohen’s Kappa of 0.8372. The statistical separation was excep-
tionally robust (p < 0.001), supported by a “Large” effect size (Cohen’s d: —3.47).
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Figure 9. Species-specific PLS-DA results for Alocasia sp. (a) 3D score plot showing a definitive
separation between physiological states. (b) Confusion matrix for the independent test set (1 = 280),
achieving a near-perfect classification accuracy of 96.43%. The results suggest that the flexible,
high-mass leaves of this species act as amplifiers of the 2 g inertial load.

This high detectability is likely linked to the plant’s herbaceous architecture; the broad,
high-mass leaves of Alocasia act as amplifiers of the 2 g inertial load. During horizontal
oscillation, the long petioles and large leaf lamina experience significant mechanical strain,
leading to rapid, uniform changes in leaf turgor and internal scattering interfaces. These
results establish Alocasia as a sensitive indicator for spectral thigmo-monitoring.
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3.2.2. Monstera Deliciosa: High-Confidence Detection

Monstera deliciosa also exhibited a high sensitivity to mechanical stress, with the model
reaching a test accuracy of 91.79%. Although the Mann-Whitney U test confirmed a highly
significant divergence (p < 0.001), the model showed slight confusion compared to Alocasia,
as reflected by a Cohen’s Kappa of 0.6299. The effect size remained ‘Large’ (Cohen’s d: 1.17),
indicating a stabilized and distinct thigmomorphogenetic footprint. The high predictive
accuracy in Monstera validates that even species with slightly more rigid stems than Alocasia
provide sufficient inertial leverage to trigger a systemically detectable spectral response.

3.2.3. Ficus Elastica: Anatomical Damping and Detection Limits

In stark contrast to the herbaceous species, Ficus elastica presented a significant chal-
lenge for spectral classification. While the underlying physiological shift was statistically
significant (p < 0.001) and the effect size was surprisingly “Large” (Cohen’s d: 2.64), the
predictive accuracy on the independent test set was consistently the lowest among the
studied species (Table 4). Figure 10 shows the score plot of the PLS-DA transformed Ficus
dataset and visualizes the test set classification accuracy on a confusion matrix.

Table 4. Summary of species-specific classification performance and effect sizes.

Effect Size

Species Model Input Test Accuracy Cohen’s Kappa (k) Cohen’s d Interpretation
Alocasia sp. 1st Derivative 96.43% 0.8372 —3.4650 Large/Near-Perfect
Monstera deliciosa Normal Spectra 91.79% 0.6299 1.1664 Large/High
Ficus elastica 1st Derivative 76.43% 0.4296 2.6433 Large/Lowest of three
control
treated (20 s)
treated (40 s) =
—
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va 8 °
1o}
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Figure 10. Species-specific PLS-DA results for Ficus elastica. (a) 3D score plot exhibiting substantial
overlap between classes. (b) Confusion matrix illustrating the high misclassification rate. The
comparatively low predictive accuracy—the lowest of the three species tested—indicates that the
rigid, thick-cuticled leaf anatomy acts as a barrier, potentially hiding the spectral manifestation of the
thigmomorphogenetic response.

This result indicates a ‘limit of detection” for the current spectral model when applied
to rigid, thick-cuticled species. Two coupled factors likely decrease the response of Ficus.
Mechanically, its stiff, woody architecture—reflected in the lowest Leaf Weight Ratio of
the three species—raises the natural frequencies of the stem—petiole-lamina system well
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above the 4.77 Hz excitation, so it operates far from resonance and its rigid tissues undergo
minimal deformation [36]. Optically, its high leaf mass per area and thick, multi-layered cu-
ticle increase specular surface reflectance and, with the dense mesophyll, mask the smaller
internal turgor-linked changes that the water indices track [35,37]. Together these reduce
or delay the transmission—and the optical expression—of the kinetic load reaching the
internal mesophyll. Furthermore, the high variance in the test set suggests that the physio-
logical response to vibration is less uniform in Ficus; the algorithm frequently misclassified
treated plants as ‘control’, likely because the mechanical shock did not consistently cross
the threshold required for a measurable optical change in all leaf samples. Table 4 shows
effect size and classification accuracy metrics for species-specific predictive modeling.

3.3. Temporal Dynamics of Spectral Sensitivity

The spectral manifestation of the thigmomorphogenetic response appears to be a
transient and dynamic process. To evaluate the evolution of this signal, leaf reflectance was
monitored at three intervals post-treatment (0, 15, and 30 min) and compared against the
pre-stress baseline. This temporal analysis was performed using the first derivative of the
reflectance spectra for all three species to better resolve overlapping absorption features
and mitigate baseline shifts. This specific sequence aimed to capture the transition from the
initial mechanical disturbance to a potentially stabilized physiological state within the first
half-hour.

3.3.1. Immediate Post-Stress Variance

Immediately following the kinetic vibration (0 min), the spectral data was character-
ized by high intra-group variance and limited separability. Although the Mann-Whitney U
test confirmed a statistically significant difference from the baseline (p < 0.001), the PLS-DA
models showed a high degree of overlap between control and treated samples.

This initial phase likely represents a ‘shock’” state. Spectrally, the widening of distribu-
tions in the water-sensitive regions (SWIR) suggests that the plant might undergo rapid,
non-uniform fluctuations in leaf turgor or localized redistribution of intercellular fluids.
However, as these parameters were not directly measured via invasive methods, these spec-
tral shifts are considered proxies for an immediate but unstable physiological disturbance.

3.3.2. Observed Separability Within the 0-30 Min Window

The data showed a temporal trend that was clearest in Alocasia sp. and Ficus elastica:
classification accuracy for both species was near chance immediately post-stress and then
increased across the successive timepoints, reaching its highest value of the three tested
timepoints at the 30-min mark. Monstera deliciosa, by contrast, showed no consistent
improvement across the same window, with its 30-min separability remaining comparable
to its immediate post-stress value.

At this 30-min interval, Alocasia sp. and Ficus elastica reached their highest classifica-
tion accuracies of the three timepoints tested (79.37% and 77.50%, respectively, up from
62.50% and 51.88% immediately post-stress), and their effect sizes increased over the same
window (e.g., Alocasia Cohen’s d: 1.25). We interpret this progressive rise as a ‘biological
latency” hypothesis—the time potentially required for the initial mechanosensory signal to
translate into a stable optical change—though the pattern did not hold for Monstera deliciosa,
whose 30-min accuracy (68.13%) was statistically comparable to its 0-min value (69.37%),
indicating this species-dependent latency remains a hypothesis rather than a universal
finding. Figure 11 shows three levels of temporal progression in spectral separability of
PLS-DA transformed spectra on score plots.
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Figure 11. Temporal progression of spectral separability in Alocasia sp. (0, 15, and 30 min). The

series of 3D score plots illustrates the ‘biological latency” effect. Separability increases progressively
from the immediate post-shock state (0 min) to the maximum observed contrast at 30 min, where the
highest classification reliability (x = 0.59) was recorded.
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It is important to note that since measurements were not continued after 30 min,
it remains unknown whether the spectral divergence continues to increase or begins to
decline after this point. However, plants measured one week later appeared close to their
baseline spectral profiles, which suggests that the response may be transient. This suggests
a recovery phase where the acute shock-induced alterations, which might involve stomatal
regulation or turgor stabilization, eventually subside. To fully map the recovery curve and
identify the true peak of the response, further investigations with an extended temporal
resolution (e.g., 60-120 min) and simultaneous invasive physiological measurements are
required. Table 5 shows a comparison of classification accuracy metrics of pre-stimulus
and post-stimulus spectral data for the tested plant species.

Table 5. Temporal evolution of classification reliability (Cohen’s kappa, k) and effect sizes post-stimulus.

. . , , Classification
Time Interval Species Test Accuracy Cohen’s Kappa (k) Cohen’s d Reliability
0 min Alocasia sp. 0.6250 0.2500 0.5749 Medium agreement
15 min Alocasia sp. 0.6000 0.2000 0.9541 Large agreement
30 min Alocasia sp. 0.7937 0.5875 1.2554 Large agreement
0 min Monstera deliciosa 0.6937 0.3875 0.7999 Medium agreement
15 min Monstera deliciosa 0.6000 0.2000 1.1508 Large agreement
30 min Monstera deliciosa 0.6813 0.3625 1.3529 Large agreement
0 min Ficus elastica 0.5188 0.0375 0.6566 Medium agreement
15 min Ficus elastica 0.7250 0.4500 1.0461 Large agreement
30 min Ficus elastica 0.7750 0.5500 1.1137 Large agreement

3.4. Evaluation of Kinetic Dosage

To determine whether the plant’s response is sensitive to the total energy transferred
during mechanical stimulation, a binary classification was performed between the two
treatment durations (20 s and 40 s). For this analysis, the control (pre-treatment) group
was excluded, focusing exclusively on the 30-min post-stress window to evaluate if the
spectral signatures of the different dosages are distinct enough for automated separation.
The analysis utilized the base-10 logarithm of the normal reflectance spectra, as this trans-
formation was found to yield the most favourable classification results during initial model
optimization trials.

3.4.1. Dosage Separation in Alocasia sp.

The results for Alocasia sp. confirmed a highly significant dosage dependency. The
PLS-DA model successfully differentiated between the 20-s and 40-s treatments, achieving
a test accuracy of 87.50% and a Cohen’s Kappa of 0.75. The statistical distance between
the two doses along the first latent variable was substantial (p < 0.001, Cohen’s d: 2.03).
Figure 12 illustrates the separability of Alocasia sp. plants by kinetic dosage interval on
PLS-DA score plot and confusion matrix.

This high degree of separability suggests that for flexible-leaved species, a 40-s vibra-
tion transfers a quantifiably higher amount of kinetic energy than a 20-s dose, resulting in a
distinct physiological state. The 40 s treatment appears to drive the plant into a ‘deeper’
stress state, likely due to increased inertial strain on the herbaceous tissue, which manifests
as a unique spectral footprint that the algorithm can reliably identify.
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Figure 12. PLS-DA comparison of kinetic dosages (20 s vs. 40 s duration) for Alocasia sp. (a) 3D score
plot based on log10-transformed reflectance spectra. (b) Confusion matrix for dosage separation. The
model successfully differentiates between the two energy levels (accuracy: 87.50%), confirming that
higher kinetic energy transfer results in a distinct, dose-dependent spectral footprint.

3.4.2. Overlap and Classification Uncertainty in Monstera and Ficus

In contrast, Monstera deliciosa and Ficus elastica showed significantly lower separability
between the two dosages (Figures 13 and 14). For Monstera, the test accuracy dropped to
78.75% (x = 0.575), while for Ficus, it reached only 62.50% (k = 0.25). Although the difference
between the doses remained statistically significant (p < 0.001), the spectral overlap between
the 20 s and 40 s populations was substantial.

True category

20s 40s
Predicted category

(a) (b)

Figure 13. PLS-DA comparison of kinetic dosages (20 s vs. 40 s) for Ficus elastica. (a) 3D score plot
illustrating significant spectral overlap and a lack of clear clustering between the two treatment
durations. (b) Confusion matrix for the test set (1 = 80). The low predictive accuracy (62.50%) and
slight agreement (k = 0.250) suggest that for rigid, thick-cuticled species, the spectral response reaches
a saturation point where increasing the kinetic dosage does not result in a uniformly distinguishable
physiological state.
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Figure 14. PLS-DA comparison of kinetic dosages (20 s vs. 40 s) for Monstera deliciosa. (a) 3D score
plot showing moderate overlap between the 20-s and 40-s treatment clusters using logyo-transformed
spectra. (b) Confusion matrix for the independent test set (n = 80). The recorded classification
accuracy (78.75%) and Cohen’s Kappa (k = 0.575) indicate that while a dosage effect is present,
individual plant variance begins to interfere with the distinctness of the spectral footprint.

The lower classification precision in these species indicates that the physiological
responses to 20 s and 40 s stimuli are not as clearly differentiated as in Alocasia. In Ficus, the
rigid, thick-cuticled leaves may reach a saturation point early in the vibration process, where
additional kinetic energy (from 20 to 40 s) does not produce a proportional or uniform shift
in the internal scattering properties. The ‘random errors” and misclassifications observed
in the confusion matrices suggest that at these dosages, individual plant variance and

‘noise’ exceed the signal difference between the two treatments. For automated monitoring,

this implies that while kinetic stress is detectable, distinguishing between dosage levels is
highly species-dependent and may require more sensitive spectral bands or higher energy
thresholds in rigid-leaved plants.

3.5. Sensitivity Profiling of Vegetation Indices

In addition to the multivariate analysis, a targeted evaluation of standardized vegeta-
tion indices was performed to determine if simpler univariate biomarkers could track the
thigmomorphogenetic response. While vegetation indices are computationally efficient,
the results of this study suggest they possess limited diagnostic power compared to full-
spectrum PLS-DA models. The observed changes in these indices were generally subtle,
and their ability to differentiate between physiological states was found to be secondary to
the multivariate approach.

3.5.1. NDWI: A Consistent but Subtle Indicator of Water-Status Shifts

The Normalized Difference Water Index (NDWI) was identified as the most responsive
univariate indicator, specifically within the acute post-stress window (0-30 min). During
this interval, NDWI exhibited a consistent negative trend (Figure 15) across all species, with
the highest observed effect sizes among the tested indices. For Alocasia sp. (6 = —0.399)
and Ficus elastica (b = —0.432), these values represent a “moderate” effect, suggesting a
subtle, reproducible reorganization of the internal mesophyll structure or leaf water status
immediately following vibration.
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Figure 15. Sensitivity profiling of the Normalized Difference Water Index (NDWI). Violin plots
showing the distribution of NDWI values across the acute post-stress window. The consistent
negative shift 30 min post-vibration (moderate effect size, 5 > 0.33) suggests a subtle reorganization
of the internal mesophyll structure or leaf water status.

However, this sensitivity did not translate into a detectable chronic trend. Multi-week
monitoring of the treated plants revealed that NDWI values (and other related indices) did
not undergo a cumulative or permanent shift. Instead, the values appeared to fluctuate
inconsistently or return to the baseline level by the subsequent weekly measurement.
This lack of a stable chronic trajectory indicates that the applied kinetic dosage triggers
a transient ‘shock’ rather than a permanent structural modification detectable by simple
ratio-based indices.

3.5.2. Evaluation of Secondary Indices

The evaluation of other standardized indices, such as the Photochemical Reflectance
Index (PRI) and the Normalized Difference Vegetation Index (NDVI), yielded even less
conclusive results. For most species and time points, the calculated Cliff’s Delta () values
remained below or near the threshold for “negligible” or “small” effects (typically & < 0.33).
For instance, while the NDVI showed slight weekly variations, the effect sizes were in-
consistent (ranging from & = 0.44 to 6 = —0.05 in Monstera), failing to establish a reliable
diagnostic pattern. These findings suggest that while mechanical stress induces complex
physiological changes, standardized vegetation indices are not sensitive enough to provide
a robust feedback loop for automated growth regulation in these ornamental species.

4. Discussion

The results of this study demonstrate that spectral measurements can detect acute
and dosage-dependent thigmomorphogenetic responses in indoor ornamental crops. By
utilizing a non-contact 2 g kinetic shock, we isolated the mechanosensory pathway from the
confounding variables of desiccation and physical wounding, providing a high-resolution
look into the immediate physiological ‘shock’ phase.

4.1. Non-Contact Inertial Loading

The near-perfect classification accuracy (96.43%) observed in Alocasia sp. provides
strong evidence that non-contact inertial loading at 2 g is sufficient to trigger a systemic
physiological transition. Historically, commercial height control has relied on mechanical
brushing, which utilizes contact friction to suppress elongation [10,11]. Our results suggest

https:/ /doi.org/10.3390/agriengineering8080326


https://doi.org/10.3390/agriengineering8080326

AgriEngineering 2026, 8, 326

22 of 27

that direct physical contact is not a prerequisite for thigmomorphogenetic induction. In-
stead, we propose that the inertial leverage provided by the plant’s own leaf mass under
2 g oscillation creates enough internal strain to activate stretch-activated Ca®* ion channels,
as described in the mechanosensing models of Coutand [19] and Brenya et al. [28]. This
finding has implications for vertical farming, as it validates a manipulation method that
carries no risk of pathogen vectoring or cuticular abrasion.

4.2. Biological Latency and the 30-Min Window

A key finding of this research is the temporal evolution of the spectral signal in
two of the three species tested: Alocasia sp. and Ficus elastica both reached their highest
classification accuracy and largest effect sizes at 30 min post-stress, rather than immediately
after the mechanical shock. We interpret this progressive rise as a tentative ‘biological
latency” hypothesis—the time potentially required for the initial mechanosensory signal to
translate into a measurable optical change. While the mechanical loading is instantaneous,
the changes in leaf turgor are time-dependent processes [14]. The acute widening of the
Water Band Index (WBI) and Normalized Difference Water Index (NDWI) distributions
immediately post-shock (0 min) likely represents transient, localized turgor fluctuations.
The stabilization of these signals into a distinct, larger effect size at 30 min in Alocasia sp.
and Ficus elastica suggests a transition from a shock state to a stabilized physiological
response. For Monstera deliciosa, however, this tendency could not be proven under the
present sampling design, and further investigation is needed to properly support the ‘lag
phase’” hypothesis in this species. This observation may align with the findings of Cotrozzi
et al. [23], who noted that multi-stress responses in protected environments often exhibit a
‘lag phase’ before reaching peak spectral detectability.

The observed temporal and dosage dynamics provide frameworks for ornamental
crop management. The 30-min post-stress optimization window demonstrates that logistics
stress cannot be accurately evaluated immediately upon arrival due to early, fluid dynamics.
Waiting 30 min offers a more reliable diagnostic window for responsive species like Alocasia
sp. (79.37% accuracy) and Ficus elastica (77.50% accuracy); the same improvement could
not be confirmed for Monstera deliciosa, and further investigation is needed before drawing
conclusions for this species. Furthermore, the clear spectral separation between 20- and 40-s
stimulus durations in Alocasia sp. (87.50% dosage accuracy, Cohen’s d = 2.03) proves that
contact spectroscopy can calibrate deliberate treatments, ensuring plants receive the precise
kinetic dose required to optimize market value without causing permanent tissue damage.

4.3. Anatomical Damping and Signal Masking

The divergence in classification accuracy between Alocasia (96.43%) and Ficus elastica—
consistently the lowest-detected of the three species—highlights the critical role of plant
anatomy in remote sensing diagnostics. The rigid, multi-layered epidermis, dense cuticle
and woody architecture of Ficus altogether are the reasons for the different results, and
reduce detectable stress reaction. We hypothesize that a plant’s specific architecture (woody
or herbaceous, leaf mass ratio, weight distribution, root-soil matrix) is a factor responsible
for the plant’s fundamental frequency, sensitivity to the applied mechanical stress and
signal masking.

While the 2 g shock was statistically significant for Ficus, the species’ inherent structural
stiffness likely decreases the transmission of kinetic energy to the internal mesophyll.
Furthermore, the high variance in the Ficus test set suggests that its physiological response
to vibration is less uniform than that of herbaceous species. In contrast, the flexible,
high-mass leaves of Alocasia act as amplifiers of the 2 g load. This supports the rationale
that ‘spectral thigmo-monitoring’ efficacy is species-dependent, a factor that needs to be
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considered when testing or implementing automated sensing networks in polyculture
indoor farms.

4.4. Structural Reorganization vs. Pigment Degradation

The sensitivity of the NDWI over more traditional pigment-based indices like the
NDRE provides information about the nature of acute mechanical stress. Because NDWI is
sensitive to the mesophyll air-to-water interfaces, the consistent negative trend observed
in this study (Cliff’s Delta < —0.40) indicates that the 2 g shock likely induces a micro-
structural reorganization of the intercellular air spaces or a change in cellular packing
density. This interpretation suggests that the initial thigmomorphogenetic response is
physical and structural rather than biochemical. We assume that the vibration causes a
compression of the mesophyll layers, affecting the internal scattering profiles within the NIR
and SWIR regions. The ‘overcompensation’ observed in the PRI of Ficus at 30 min further
suggests a metabolic defensive reaction, possibly involving the xanthophyll cycle, which
appears to be a protective response to the kinetic energy transfer even when structural
changes are dampened.

4.5. Broader Context and Future Research

In the broadest context, this study establishes a framework for chemical-free, data-
driven plant growth regulation. As indoor vertical farming continues to scale, the ability
to ‘dose” mechanical stress and validate the plant’s response at-line via spectroscopy
could significantly reduce the industry’s reliance on electrical lighting shifts or synthetic
growth retardants. Future research should focus on the repetition effect, investigating
how these acute 30-min ‘shock’ signatures consolidate into the chronic structural changes
(lignification and dwarfing) over multi-week growth cycles. Additionally, scaling these
proximal measurements to automated imaging systems or UAS (Unmanned Aerial Systems)
platforms could enable facility-wide, real-time monitoring of crop ‘vitality” and architectural
development in response to automated mechanical conditioning.

5. Conclusions

This study demonstrates that contact spectral measurements, integrated with multi-
variate PLS-DA modeling, provide a high-resolution diagnostic window into the thigmo-
morphogenetic status of indoor ornamental crops. By utilizing a precisely quantified 2 g
horizontal oscillation, we have moved thigmomorphogenesis from a qualitative observation
one step closer toward a reproducible, data-driven agronomic input.

Scientifically, the research provides a critical distinction between the ‘mechanical
damping’ provided by cuticular morphologies and the ‘amplification” observed in herba-
ceous species. The near-perfect classification accuracy (96.43%) in Alocasia sp. forms the
ground for spectral thigmo-monitoring, proving that for flexible, high-leverage species,
the physiological shock signature is definitive and reproducible. Furthermore, the dom-
inance of the Normalized Difference Water Index (NDWI) over pigment-based indices
suggests that the primary mechanism of acute mechanical stress is a micro-structural reor-
ganization of the mesophyll air-to-water interfaces and turgor-mediated cellular packing,
rather than immediate photochemical degradation. This shifts the theoretical focus of acute
thigmo-responses toward internal leaf architecture and water status.

Practically, this research opens the path towards a non-contact method of architectural
manipulation. For indoor farming operators, the identification of a 30-min diagnostic
window in Alocasia sp. and Ficus elastica provides an optimized temporal window for
automated monitoring in these species. This at-line feedback loop allows greenhouse
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control systems to instantly validate whether an applied physical stimulus has successfully
triggered the target developmental pathway, or if the dosage requires adjustment.

This study establishes a framework for chemical- and GMO-free growth regulation and
the possibility of replacing synthetic growth retardants and artificial lighting shifts. Future
research should investigate the transition from these acute 30-min ‘shock’ signatures to the
chronic structural acclimations observed over entire growth cycles, enabling autonomous
crop architecture management in future indoor farms.

Despite the high predictive accuracy achieved for herbaceous species, this study is sub-
ject to limitations that need to be addressed. The relatively poor classification performance
for Ficus elastica—consistently the lowest-detected of the three species tested—indicates a
‘limit of detection” for current spectral models when applied to rigid, thick-cuticled species.
The lowest Leaf Weight Ratio of the three species reflects the woody growth form of Ficus
elastica; mechanically, this high stiffness places the natural frequencies of its stem—petiole—
lamina system well above the 4.77 Hz excitation, so the plant operates far from resonance
and transmits little deforming strain to the leaf tissue [36]. Protected further by the thick-
est of all multi-layered epidermal cushions, the interior cells and chloroplasts experience
minimal physical deformation or stretching. Without mechanical cellular distortion, the
plant avoids triggering the rapid biochemical cascades that alter leaf reflectance, keeping
the contact spectral reading the closest to stable. Because the mechanical explanation
(off-resonance rigidity) and the optical explanation (a thick, reflective cuticle masking inter-
nal change) both predict a decreased signal and were not measured independently here,
they remain confounded; separating them would require leaf-level strain or accelerometer
measurements alongside the spectra. Such rigid morphologies may also require higher
kinetic intensities or more sensitive signal-processing techniques to resolve a response [38].

While the spectral shifts in NDWI and WBI are consistent with alterations in turgor
and internal leaf structure, this study relied on optical signals rather than direct, invasive
physiological measurements. Specifically, no direct quantification of leaf cell turgor pressure
or endogenous hormone content was performed, so the correlation reported here between
spectral change and physiological state is an indirect inference rather than a demonstrated
causal relationship. This prevents a definitive causal link between specific molecular
pathways and the observed reflectance changes.

The experiment was conducted within a single controlled growth chamber. The
spectral signatures of mechanical stress may be influenced by confounding environmental
factors in larger-scale commercial facilities, such as fluctuating humidity or varied light
quality, which were not accounted for in this controlled pilot study. Dedicated follow-up
trials that systematically vary ambient humidity and light background will therefore be
required to confirm the stability of these spectral signatures before the models can be
deployed in large-space commercial greenhouses.

To build upon these findings, future investigations should focus on the following trajec-
tories. Research should expand from acute ‘shock’ signatures to the long-term (multi-week)
consolidation of these signals into permanent structural acclimations, such as lignifica-
tion and dwarfing. This would allow for the development of ‘growth trajectory’ models.
Transitioning from contact ‘point” sensors to hyperspectral imaging or UAS (Unmanned
Aerial Systems) platforms would enable facility-wide, non-contact monitoring. This is
essential for the practical implementation of autonomous thigmomorphogenetic regulation
in vertical farming. Future trials should explore a wider range of kinetic energies (e.g., 0.5 g
to 3.0 g) to identify species-specific reaction thresholds where architectural optimization is
maximized and the risk of cellular damage is minimized. Combining spectral tracking with
destructive metabolic profiling (e.g., jasmonic acid and ethylene quantification) would pro-
vide the necessary biochemical evidence to fully ground the ‘spectral rationales’ proposed
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in this study. Direct anatomical quantification—in particular leaf cuticle thickness and
mesophyll cell arrangement density across species—should also be undertaken to supply
the measured structural evidence that the present study could only infer. Crucially, pairing
such anatomical parameters with leaf-level strain or accelerometer recordings acquired
simultaneously with the spectra would disentangle the currently confounded mechanical
(off-resonance rigidity) and optical (cuticular masking of internal change) explanations for
the reduced signal in rigid, thick-cuticled species such as Ficus elastica. The integration of
direct leaf-level biomechanical sensors, such as surface micro-strain gauges, with dynamic
reflectance spectroscopy may facilitate the separation of cuticular optical filtering effects
from the intrinsic structural stiffness of the mesophyll in the future.

This research shows that non-destructive contact leaf spectroscopy is a dual-purpose
asset for the ornamental industry, capable of both diagnosing transport injury and monitor-
ing physiological manipulation. However, baseline leaf anatomy and plant architecture
in general can act as either an amplifier or a mechanical damper, so future automated
greenhouse and logistics systems need to utilize species-specific classification for precise
temporal windows.
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Abbreviations

The following abbreviations are used in this manuscript:

CLES Common Language Effect Size

Fl-score Harmonic mean of precision and recall

GMO Genetically modified organism

IDE Integrated Development Environment

LV Latent variable

MRENDVI  Modified Red-Edge Normalized Difference Vegetation Index
NDRE Normalized Difference Red Edge index

NDVI Normalized Difference Vegetation Index

NDWI Normalized Difference Water Index

NIR Near-infrared

PLS-DA Partial Least Squares Discriminant Analysis
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PRI Photochemical Reflectance Index
SNV Standard Normal Variate

SWIR Short-wave infrared

UAS Unmanned Aerial Systems

VIS Visible

WBI Water Band Index

K Cohen’s kappa coefficient

) Cliff’s delta
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