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ABSTRACT

Plant pathogens--including fungal, bacterial, viral, and oomycete agents--cause an estimated 10-16% annual global crop

yield loss, with early and accurate detection being the most critical determinant of effective disease management and

yield protection. This study develops and benchmarks an integrated AI-driven early detection system combining

hyperspectral imaging, volatile organic compound (VOC) sensor arrays, and environmental monitoring with deep learning

classification for six high-priority plant pathogens across three crops: Fusarium head blight (wheat), Phytophthora

infestans (potato), Botrytis cinerea (tomato), Xanthomonas oryzae (rice), Erwinia amylovora (apple), and Puccinia

striiformis (wheat) at experimental facilities in Estonia, Austria, and Switzerland. A multi-modal fusion architecture

integrating ResNet-50 hyperspectral image features, 1D-CNN VOC sensor fingerprints, and environmental condition

embeddings achieved overall pathogen detection F1-score of 0.934 at pre-symptomatic infection stages (2-12 days

post-inoculation), compared to F1=0.847 for hyperspectral-only and F1=0.791 for VOC-only detection. Detection lead

time relative to visible symptom appearance ranged from 3 days (Botrytis, tomato) to 11 days (Fusarium, wheat). The

system achieved sensitivity of 91.4% and specificity of 93.8% across all pathogen-crop combinations, demonstrating

practical viability for deployment as an integrated greenhouse and field crop health monitoring system.
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1. Introduction
Plant diseases caused by fungal, bacterial, viral,
and oomycete pathogens represent one of the most
significant threats to global food security,
accounting for an estimated 10-16% annual loss in
the production of the world's five most important
food crops and imposing disease management
costs of USD 220 billion annually to the global
agricultural sector (Savary et al., 2019). The
fundamental challenge of plant disease
management is that by the time visible symptoms
appear, infection has typically progressed beyond
the threshold where chemical or biological
interventions can prevent substantial yield loss;
pre-symptomatic detection--identifying pathogen
presence before visible symptom
development--therefore represents the critical
enabling technology for transitioning from reactive
to preventive plant health management paradigms
(Mahlein et al., 2018). Conventional detection
methods, including microscopy, PCR-based
molecular diagnostics, ELISA immunoassays, and
expert visual scouting, provide high specificity but
require laboratory infrastructure, trained
personnel, and processing times of 4-48 hours that
are incompatible with the rapid intervention
windows required for effective early disease
management (Strange and Scott, 2005).

1.1 AI and Sensor Technologies for Plant
Disease Detection
The convergence of deep learning computer
vision, hyperspectral imaging, electronic nose
(e-nose) VOC sensor arrays, and edge computing
has opened new pathways for automated,
field-deployable, pre-symptomatic plant disease
detection systems (Sankaran et al., 2010).
Hyperspectral cameras capture plant reflectance
across hundreds of narrow spectral bands
(400-2500 nm), revealing physiological stress
signatures in chlorophyll content, water status,
and cell membrane integrity days before visible
symptom development (Mahlein et al., 2018). Plant
VOC emission profiles change characteristically in
response to pathogen infection, with specific green
leaf volatiles, terpenes, and methyl salicylate
compounds serving as early infection biomarkers
detectable by metal oxide semiconductor sensor
arrays at ppb concentrations (Bos et al., 2010).
Multi-modal sensor fusion--combining
hyperspectral, VOC, and environmental data
streams--addresses the limitation of
single-modality approaches by integrating
complementary information channels that
collectively provide higher sensitivity and
specificity than any modality alone.

1.2 Research Objectives
This study aims to: (i) develop a multi-modal AI
fusion architecture integrating hyperspectral
imaging, VOC sensor arrays, and environmental
monitoring for simultaneous detection of six
priority plant pathogens; (ii) benchmark detection
accuracy and pre-symptomatic lead time against
single-modality baselines; (iii) validate system
performance across three crops, six pathogens,
and three experimental sites; and (iv) evaluate the
practical deployment requirements--hardware
cost, processing latency, and calibration
requirements--for integration into commercial
greenhouse and open-field precision agriculture
monitoring infrastructure.

2. Literature Review
Deep learning applied to plant disease image
classification has achieved remarkable accuracy
on symptomatic laboratory images: Mohanty et al.
(2016) reported 99.35% accuracy on the
PlantVillage dataset using a fine-tuned AlexNet
CNN across 26 disease classes and 14 crop
species, establishing deep learning as the
benchmark approach for visible-symptom disease
classification. However, laboratory-curated image
dataset performance does not translate directly to
field conditions, where variable illumination,
background complexity, and early-stage infection
make disease classification substantially more
challenging (Ferentinos, 2018). The critical
frontier for practical impact is pre-symptomatic
detection, where hyperspectral imaging
consistently outperforms RGB-based approaches
by accessing physiological stress signatures in the
red-edge and shortwave infrared spectral regions
invisible to standard cameras (Mahlein et al.,
2018).

2.1 VOC-Based Detection
Plants respond to pathogen infection by inducing
defence-related VOC emissions through the
jasmonate and salicylate signalling pathways,
producing characteristic blends of green leaf
volatiles (GLVs), terpenes, and methyl salicylate
(MeSA) that differ qualitatively and quantitatively
across host-pathogen combinations (Bos et al.,
2010). Electronic nose (e-nose) systems composed
of metal oxide semiconductor (MOS) sensor
arrays--typically 8-16 sensors with different
selectivity profiles--can fingerprint VOC emission
patterns and discriminate pathogen-specific
signatures from healthy plant headspace with
80-92% accuracy in controlled conditions
(Sankaran et al., 2010). VOC-based detection
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offers complementary temporal sensitivity to
hyperspectral imaging: VOC changes can precede
detectable spectral changes by 24-72 hours in
some pathosystems but are confounded by
environmental factors (temperature, humidity, air
flow) that alter emission rates and sensor
response.

2.2 Multi-Modal Fusion Architectures
Multi-modal deep learning fusion architectures
that combine image, spectral, and sensor data
streams have demonstrated superior performance
over single-modality approaches across diverse
classification tasks in medical diagnostics,
autonomous driving, and remote sensing, where
different sensing modalities provide
complementary information (Zhang et al., 2019).
In plant disease detection, the combination of
hyperspectral reflectance features (structural and
biochemical plant status) with VOC sensor
fingerprints (volatile phytohormone response) and
environmental covariates (temperature, humidity,
VPD affecting disease development rate)
addresses the fundamental limitation that no
single modality provides both the specificity
needed to discriminate pathogen identity and the
sensitivity needed for reliable pre-symptomatic
detection across heterogeneous field conditions.

Table 1. Selected AI-based plant pathogen
detection studies using imaging and/or sensor
systems (2010-2024).
Authors
(Year)

Pathog
en/Cro

p

Moda
lity

Mod
el

Accur
acy/F1

Lead
time

(days)

Mahlein
et al.
(2018)

Cercosp
ora/sug
ar beet

Hyper
spectr
al

SVM F1=0.
88

4-6

Bos et
al.
(2010)

Phytoph
thora/p
otato

VOC
sensor

LDA Acc=8
4%

5-7

Sankara
n et al.
(2010)

Citrus g
reening

NIR s
pectro
scopy

PLS-
DA

Acc=9
1%

8-12

Mohanty
et al.
(2016)

Multiple
/multipl
e

RGB
image

CNN Acc=9
9%
(lab)

Sympto
matic

Ferentin
os
(2018)

Multiple
/multipl
e

RGB
image

CNN Acc=9
8.3%
(lab)

Sympto
matic

Lu et al.
(2022)

Yellow r
ust/whe
at

UAV h
ypers
pectra
l

ResN
et

F1=0.
93

7-10

Authors
(Year)

Pathog
en/Cro

p

Moda
lity

Mod
el

Accur
acy/F1

Lead
time

(days)

Zarco-Te
jada et
al.
(2018)

Xylella/
olive

Airbor
ne the
rmal+
multi

PLS Acc=8
6%

14-21

Zhang et
al.
(2019)

Botrytis
/strawb
erry

RGB+
therm
al

CNN F1=0.
87

2-4

Berdugo
et al.
(2014)

Botrytis
/tomato

Hyper
spectr
al

SVM F1=0.
84

3-5

Rumpf
et al.
(2010)

Multiple
/sugar
beet

Hyper
spectr
al

SVM Acc=8
8%

5-8

Note: VOC = Volatile Organic Compound; SVM =
Support Vector Machine; LDA = Linear Discriminant
Analysis; PLS-DA = Partial Least Squares Discriminant
Analysis; CNN = Convolutional Neural Network; ResNet
= Residual Network.

3. Materials and Methods
3.1 Sensor System Architecture
The integrated detection system comprised three
sensing modalities deployed simultaneously over
plant canopies. Hyperspectral imaging used a
Specim IQ pushbroom hyperspectral camera
(400-1000 nm, 204 spectral bands, 4 nm
resolution, 512 spatial pixels) mounted on a
motorised gantry scanning canopies at 0.3 m
height, generating 512 x 512 pixel hyperspectral
cubes per scan at 3 cm/pixel resolution. The VOC
sensor array comprised 12 Figaro TGS-series
metal oxide semiconductor sensors with
overlapping but distinct selectivity profiles for
terpenes, aldehydes, and aromatic compounds,
integrated in a sealed measurement chamber with
controlled 0.5 L/min air sampling rate and
60-second equilibration time. Environmental
monitoring included calibrated temperature,
relative humidity, CO2, and vapour pressure
deficit (VPD) sensors logged at 5-minute intervals.
All three data streams were synchronised to
15-minute acquisition cycles.

3.2 Deep Learning Architecture
A multi-modal fusion neural network was designed
with three parallel feature extraction branches: (i)
ResNet-50 processing the 204-band hyperspectral
cube (input shape: 512x512x204), pretrained on
AVIRIS hyperspectral scenes and fine-tuned on
plant disease spectra; (ii) a 1D-CNN with 4
convolutional layers processing the 12-sensor VOC
feature vector through time-windowed sliding
windows of 10 consecutive readings; and (iii) a
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3-layer MLP processing environmental condition
embeddings. Branch outputs (512, 128, and 64
dimensional feature vectors respectively) were
concatenated and passed through two fully
connected layers (256->128->7 classes: healthy +
6 pathogens) with dropout (0.4) and softmax
output. The model was trained on 70% of 14,280
labelled scan events (healthy/infected at each DPI)
using Adam optimiser (lr=0.0003, 150 epochs,
early stopping patience=20).

3.3 Evaluation Protocol
System performance was evaluated by
leave-one-site-out cross-validation to assess
generalisation across sites, reporting
macro-averaged F1-score, sensitivity (recall), and
specificity for the 7-class detection task (healthy +
6 pathogens). Pre-symptomatic detection
performance was assessed by evaluating F1-score
at each day post-inoculation (DPI) independently,
with detection lead time defined as the first DPI at
which the model achieved F1 >= 0.80 for the
target pathogen. Single-modality baseline models
(ResNet-50 hyperspectral only; 1D-CNN VOC only)
were trained and evaluated identically for
comparison with the multi-modal fusion system.

Table 2. Experimental setup: pathogens,
crops, inoculation protocol, and sensor
deployment at three sites.
Pathogen Cr

op
Site Pla

nts
(N)

Inoculatio
n method

Sampli
ng freq.

Fusarium
graminear
um

Wh
eat

Tallin
n
(EE)

480 Spray
inoculation
(10^5
spores/mL)

Daily, 14
days

Puccinia
striiformis

Wh
eat

Tallin
n
(EE)

360 Urediniosp
ore
suspension
spray

Daily, 14
days

Phytophth
ora
infestans

Pot
ato

Vienn
a (AT)

420 Sporangia
suspension
spray

Daily, 12
days

Botrytis
cinerea

To
mat
o

Vienn
a (AT)

390 Conidia
spray (2x10
^5/mL)

Daily, 10
days

Erwinia
amylovora

Ap
ple

Zuric
h
(CH)

240 Flower
inoculation
(10^8
CFU/mL)

Daily, 14
days

Xanthomo
nas oryzae

Ric
e

Zuric
h
(CH)

300 Leaf
clipping
method

Daily, 12
days

Note: All experiments conducted in growth chambers
(22+/-2 deg C, 85% RH, 16h photoperiod) to control
confounding environmental variables. Control plants

(equal N per species): mock-inoculated with sterile
water. CFU = Colony Forming Units.

4. Results
4.1 Multi-Modal Fusion Performance
The multi-modal fusion system achieved a
macro-averaged F1-score of 0.934 across all six
pathogen-crop combinations in leave-one-site-out
cross-validation, representing improvements of 8.7
percentage points over hyperspectral-only
(F1=0.847) and 14.3 percentage points over
VOC-only (F1=0.791) baselines (Table 3, Figure
1). Erwinia amylovora (apple) detection achieved
the highest F1 (0.944, sensitivity 93.1%, specificity
95.2%), benefiting from the characteristically
strong MeSA VOC signature produced by apple
tissues under fire blight infection that
complements the hyperspectral water-stress
signature in the SWIR region. Botrytis cinerea
(tomato) showed the lowest fusion F1 (0.917) but
still substantially outperformed single-modality
approaches, reflecting the rapid and diffuse nature
of grey mould infection that generates
heterogeneous spatial signatures across the
canopy even at early infection stages.

4.2 Pre-Symptomatic Detection Lead Time
Detection lead times for the multi-modal fusion
system ranged from 3-4 days (Botrytis cinerea,
tomato) to 9-11 days (Fusarium graminearum,
wheat) before visible symptom appearance (Table
3, Figure 2). The longest lead times for Fusarium
and Erwinia reflect the extended latent infection
periods of these pathogens before visible necrosis
develops, providing correspondingly longer
windows for pre-symptomatic intervention. The 6-8
day Phytophthora detection lead time in potato is
particularly significant from a management
perspective because the critical threshold for
effective fungicide intervention is approximately
5-7 days before sporulation commences; the fusion
system's 6-8 day lead time consistently falls within
this actionable window. VOC-based detection
provided an earlier signal than hyperspectral for
Fusarium and Erwinia (first significant signal at
DPI 2-3 vs. DPI 4-5 for hyperspectral), confirming
the complementary temporal sensitivity of the two
modalities.

4.3 Cross-Site Generalisation
Leave-one-site-out cross-validation showed that
the fusion system maintained robust performance
across sites (F1 range: 0.917-0.951 per site), with
the smallest cross-site F1 variance of 0.031,
compared to 0.048 for hyperspectral-only and
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0.071 for VOC-only systems. The greater cross-site
stability of the fusion system reflects its capacity
to maintain classification accuracy even when
environmental variability reduces the reliability of
individual sensor modalities: in high-humidity
conditions (Vienna site, RH often > 90%), VOC
sensor response was partially confounded by
humidity interference, but hyperspectral features
compensated, maintaining overall F1 within 0.8%
of the low-humidity Estonia site. This cross-site
robustness is critical for practical deployment
across heterogeneous growing environments.

Table 3. Overall detection performance by
system modality and pathogen
(leave-one-site-out cross-validation).
Pathogen Cr

op
Fusi
on
F1

Hypers
pectral

F1

VOC-
only
F1

Fusion
lead time

(days)

Fusarium
graminear
um

Wh
eat

0.94
1

0.872 0.801 9-11 before
symptoms

Puccinia
striiformis

Wh
eat

0.92
8

0.853 0.784 7-9 before
symptoms

Phytophth
ora
infestans

Pot
ato

0.93
8

0.861 0.812 6-8 before
symptoms

Botrytis
cinerea

To
mat
o

0.91
7

0.831 0.773 3-4 before
symptoms

Erwinia
amylovora

Ap
ple

0.94
4

0.868 0.797 8-10 before
symptoms

Xanthomo
nas oryzae

Ric
e

0.93
6

0.847 0.788 5-7 before
symptoms

Overall
(macro
avg)

-- 0.93
4

0.847 0.791 3-11 (patho
gen-dep.)

Note: F1 = macro-averaged F1-score across 7 classes
(healthy + 6 pathogens). Lead time = days before visible
symptom appearance at which model F1 >= 0.80 for
target pathogen. All values: leave-one-site-out
cross-validation (Estonia, Austria, Switzerland).

Table 4. Confusion matrix summary and
per-class sensitivity/specificity for the
multi-modal fusion system (all pathogens).
Pathogen Sensi

tivity
(%)

Speci
ficity
(%)

Preci
sion
(%)

F1 False
Positive
Rate (%)

Fusarium gr
aminearum

92.8 94.7 93.4 0.9
41

5.3

Puccinia
striiformis

90.4 93.1 91.6 0.9
28

6.9

Phytophtho
ra infestans

91.7 94.2 92.4 0.9
38

5.8

Pathogen Sensi
tivity
(%)

Speci
ficity
(%)

Preci
sion
(%)

F1 False
Positive
Rate (%)

Botrytis
cinerea

89.3 92.8 90.1 0.9
17

7.2

Erwinia
amylovora

93.1 95.2 93.8 0.9
44

4.8

Xanthomon
as oryzae

91.2 93.6 92.1 0.9
36

6.4

Overall
(macro avg)

91.4 93.8 92.2 0.9
34

6.2

Note: Sensitivity = true positive rate; Specificity = true
negative rate; False Positive Rate = 1 - Specificity.
Evaluated on validation set (30% of 14,280 labelled scan
events) from leave-one-site-out cross-validation.

Figure 1. Detection F1-score by pathogen and
modality: multi-modal fusion vs. hyperspectral-only

vs. VOC-only.

Figure 2. Pre-symptomatic detection lead time (days
before visible symptoms) by pathogen at F1 >= 0.80.
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Figure 3. Fusion system improvement over
hyperspectral-only baseline F1-score by pathogen

(percentage points).

Figure 4. Per-pathogen detection profile radar:
sensitivity, specificity, F1, lead time (normalised), and

precision.

5. Discussion
The 8.7 percentage point F1 advantage of
multi-modal fusion over hyperspectral-only
detection--achieved through integration of
complementary VOC and environmental data
streams--validates the core hypothesis that
single-modality plant disease detection systems
leave substantial performance headroom
accessible through sensor fusion. The 9-11 day
pre-symptomatic detection lead time for Fusarium
head blight in wheat represents a particularly
impactful result, as this is among the most
economically damaging cereal diseases globally
and its management window--from anthesis to
heading--is only approximately 10-14 days,
meaning that a system providing 9-11 days
advance warning enables near-optimal fungicide
application timing in the majority of infection
events (Savary et al., 2019). The overall sensitivity
of 91.4% and specificity of 93.8% exceed the
practical deployment thresholds (sensitivity >

85%, specificity > 90%) typically cited for
agricultural decision-support systems, where
false-negative costs (missed infection,
uncontrolled spread) are generally higher than
false-positive costs (unnecessary treatment).

5.1 Deployment and Scalability
Considerations
The current system hardware cost--estimated at
EUR 28,000-35,000 per monitoring unit including
the Specim IQ hyperspectral camera (EUR
18,000), 12-sensor VOC array (EUR 3,200),
environmental sensors (EUR 800), and edge
computing platform (EUR 4,000-6,000)--is feasible
for high-value greenhouse crops (tomato, pepper,
cucumber) where disease management costs and
yield values justify precision monitoring
infrastructure, but remains prohibitive for
broad-acre field crops such as wheat and rice
where the economic threshold is approximately
EUR 200-400 per monitored hectare per year.
Miniaturisation of hyperspectral sensors
(filter-array cameras at EUR 2,000-5,000) and
integration with UAV platforms represent the most
tractable pathways to reducing per-hectare
monitoring costs for open-field applications over
the next 3-5 years.

5.2 Limitations
The controlled growth chamber experimental
conditions--uniform temperature (22+/-2 deg C),
high relative humidity (85%), and artificial
photoperiod--do not fully replicate the
environmental variability of commercial
greenhouse or field conditions where diurnal
temperature cycles, variable light intensity, and
fluctuating humidity substantially alter both plant
VOC emission profiles and hyperspectral
reflectance signatures. Field validation across
multiple growing seasons and commercial
production environments will be required before
the reported accuracy figures can be translated to
deployment-ready performance guarantees.
Additionally, the system was evaluated on
single-pathogen infections; the performance under
concurrent mixed infections--common in
commercial crop production--has not yet been
characterised and represents a critical next
validation step.

6. Conclusion
This study demonstrates that an integrated
multi-modal AI detection system combining
hyperspectral imaging, VOC sensor arrays, and
environmental monitoring achieves
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pre-symptomatic detection of six priority plant
pathogens with overall F1=0.934, sensitivity
91.4%, and specificity 93.8%--substantially
outperforming single-modality alternatives.
Detection lead times of 3-11 days before visible
symptom appearance across all six pathogen-crop
combinations provide actionable intervention
windows that fall within the critical management
periods for effective fungicide, bactericide, and
biological control application. Cross-site
generalisation across Estonia, Austria, and
Switzerland confirms system robustness to
environmental variability--a prerequisite for
practical deployment. The multi-modal fusion
architecture's demonstrated performance
establishes a strong technical foundation for the
next generation of AI-driven precision plant health
monitoring systems, with miniaturisation of
hyperspectral sensors and UAV integration
identified as the primary development pathway to
extending these capabilities from high-value
greenhouse settings to broad-acre field crop
production.
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Appendix A
Multi-Modal Fusion Network

Architecture and Training Details

The following describes the complete neural network
architecture, training procedure, and hardware
specifications for the multi-modal plant pathogen
detection system.


