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Abstract

Powdery Mildew (Podosphaera aphanis, PM) presents a serious challenge to strawberry cultivation, causing significant yield
losses if not controlled early. Globally, PM contributes to substantial reductions in strawberry production, posing economic
threats to growers and raising food security concerns. Therefore, the development of accurate, noninvasive detection mecha-
nisms is crucial for effective disease management. This study investigates the application of Hyperspectral Imaging (HSI) for
nondestructive PM detection and classification of healthy and PM-infected strawberry leaves grown under a poly-tunnel, an
environment that closely simulates real-world agricultural conditions. A hyperspectral camera (350—-1000 nm), mounted on a
mechanized rail system beneath the poly-tunnel, was used to capture leaf images as it moved linearly above the strawberry
canopy. Spectral preprocessing included Savitzky-Golay smoothing (SGS), Standard Normal Variate (SNV), and Multiplicative
Scatter Correction (MSC), with the Isolation Forest algorithm applied for outlier removal. A one-dimensional Convolutional
Neural Network (1D-CNN) was trained to classify healthy versus PM-infected leaves, achieving 75% accuracy and 84% pre-
cision. The model outperformed traditional classifiers such as Random Forest (RF), Decision Tree (DT), and Partial Least
Squares Discriminant Analysis (PLS-DA). Among all tested pipelines, the SGS+MSC+1D-CNN combination yielded the high-
est performance. This study highlights the feasibility and effectiveness of integrating HSI with deep learning for robust disease
detection under semi-controlled conditions, laying the groundwork for scalable, real-time plant health monitoring in precision

agriculture.
CCS Concepts

¢ Computing methodologies — Artificial Intelligence; » Image and Video Acquistion — Hyperspectral Imaging;

1. Introduction

Strawberries are a widely grown fruit that is well-liked by
consumers worldwide due to their flavor and high nutritional
value, which includes vitamin C, folate, and phenolic compounds
[WFJ*23], [CSL*24]. Furthermore, with about 9 million tonnes
produced globally, strawberries represent a significant economic
commodity. However, a variety of fungal diseases infects the straw-
berry cultivation further, resulting in 20 to 30% of the total produc-
tion [WFEJ*23]. Powdery Mildew (PM), due to its ease of infection,
is a type of disease that poses a serious threat to strawberry pro-
duction lines [SCH*21]. PM attacks leaves, flowers, and fruits one
after the other, which, if the infection is serious, can result in sig-
nificant crop loss [SCH*21].

Because of the significant impact of PM, effective methods and
management are required to control infection spread in strawberry
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fields. The most common method for suppressing PM is to apply
fungicides as a spray; however, PM is prone to developing fungi-
cide resistance [LMS10]. On the other hand, excessive application
may result in environmental degradation and the accumulation of
toxic substances in soil, which is not ethically acceptable [KG11].

The traditional method of monitoring plant disease is to seek the
assistance of an expert to detect the presence of diseases. How-
ever, this method is not cost-effective, requires a lot of labor and
time, and accurate predictions are prone to errors [SCH*21]. An-
other common practice is laboratory testing, such as plant leaflet
grafting or electron microscopy, among others [ZOY *23]. These
methods are more accurate than visual inspection, but they are also
time-consuming, destructive, and necessitate precision instruments
and rigorous operations [ZOY*23]. As a result, an accurate and
non-destructive identification technology for detecting diseases at
an early stage is critical and required for the strawberry production
systems to prevent the spread of diseases and also to reduce the use
of fungicides.
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Even though machine vision using conventional RGB is fast and
non-invasive and capable of detecting visible lesions, it is incapable
of detecting the physiological status at early infection stages, since
changes in plant metabolism and tissue structure occur before vi-
sual symptoms appear [XLSS22]. This limitation highlights the po-
tential of Hyperspectral Imaging (HSI), a relatively new and emerg-
ing technique that combines the strengths of both imaging and
spectroscopy, which is able to provide continuous and narrow-band
image information as well as spectral data information for each
pixel [ZOY *23]. Because of the combination of spectral and imag-
ing techniques, HSI has a high potential for early disease diagnosis,
as it can determine biochemical and physiological responses such
as leaf pigment compositions, water content, and so on [XLSS22].

The recent studies, when HSI is integrated with chemometric
techniques, have demonstrated significant potential in plant disease
detection across various crops. Zhang et al. [ZOY *23] explored the
identification of gray mold and anthracnose in strawberry leaves
by leveraging spectral fingerprint features alongside vegetation in-
dices. Their study employed chemometric models such as Back
Propagation Neural Networks (BPNN), Support Vector Machines
(SVM), and Random Forests (RF). Similarly, Wu et al. [WFJ*23]
proposed a gray mold detection framework for strawberries incor-
porating textural features, spectral data, and multiple vegetation in-
dicators. Machine learning models used in this research included
Extreme Learning Machine (ELM), K-Nearest Neighbors (KNN),
and SVM. Xuan et al. [XLSS22] focused on the early detection of
PM in wheat, utilizing Gray Level Co-occurrence Matrix (GLCM)
for textural feature extraction in addition to spectral analysis, and
applied Partial Least Squares Discriminant Analysis (PLS-DA) for
classification. In another relevant study, Jung et al. [JKK*22] de-
veloped a hybrid HSI and 3D Convolutional Neural Network (3D-
CNN) framework for classifying gray mold in strawberry leaves,
using training data spanning infected, asymptomatic, and healthy
tissue. These studies, which adopt similar methodological frame-
works, provide foundational support for the current investigation.
Moreover, comprehensive reviews such as [RML*23], [NBBH23]
on HSI-based plant disease detection offer valuable insights and
data that further contextualize this work.

However, most of the aforementioned studies have been con-
ducted under controlled laboratory conditions. The primary ad-
vantage of such an environment is the stability it offers. To put
it another way, the factors such as illumination, sample orienta-
tion (e.g., leaf positioning), and ambient conditions remain consis-
tent throughout data acquisition. This controlled setup simplifies
the hyperspectral imaging process and helps maintain calibration
accuracy. In contrast, real-world or field conditions introduce a va-
riety of challenges, including fluctuations in illumination, environ-
mental factors such as wind and temperature, and potential incon-
sistencies in sample orientation. These variables can significantly
affect the quality and reliability of the hyperspectral data, poten-
tially altering calibration and impacting model performance. Given
that these plant diseases typically occur in open-field settings, it is
crucial to investigate detection methods under such realistic con-
ditions. Therefore, one of the main objectives of this study is to
evaluate the performance of a hyperspectral imaging-based disease
detection model in real-time, field-like environments. Specifically,
this research involves acquiring hyperspectral data from strawberry

plants cultivated under a poly-tunnel, as illustrated in Figure 1. The
main objectives of this study are as follows:

e To acquire hyperspectral data from strawberry plants in a semi-
controlled, real-world environment (poly-tunnel).

e To extract and analyze spectral features of healthy and PM-
affected strawberry leaves for disease detection.

e To develop a classifier model for effective discrimination be-
tween healthy and diseased leaves.

e To evaluate the model’s performance and compare it with state-
of-the-art classifiers under near-real-time conditions.

e To assess the robustness and practical applicability of HSI-based
disease detection beyond laboratory settings.

2. Materials and Methods
2.1. Plant cultivation

The strawberry leaf samples used in this experiment were acquired
from a strawberry field managed by Fraunhofer IGD, Rostock, Ger-
many. The strawberry plants were grown on a few racks of long me-
ters beneath a poly-tunnel. In this experiment, the plants were cul-
tivated without the PM inoculation process, and powdery mildew
naturally developed on the strawberry leaves, becoming severe over
the course of several weeks. This is an investigation into the typi-
cal symptoms of powdery mildew that impact plants. The severity
at various phases was then tracked and recorded. As depicted in
Figure 1, the camera, mounted on a semi-mobile trolley that trav-
els along overhead rails in a poly-tunnel, captures images at regu-
lar intervals with centimeter-precise localization in the visible and
near-infrared ranges at hyperspectral resolutions.

Figure 1: Strawberry plants cultivated under a poly-tunnel and
imaged using a hyperspectral camera mounted on a moving rail
mechanism

2.2. Hyperspectral Image Acquisition and Processing
2.2.1. Hyperspectral imaging system

A Cubert X20 was employed for the image acquisition of the straw-
berry leaves, which ranged in wavelength from 350 to 1000 nm.
The Cubert X20 is an Ultra-Violet Visible-Near Infrared (UV Vis-
NIR) hyperspectral video camera, and its detailed specifications
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Figure 2: Schematic representation of the protocol used for calibration and data acquisition employed in this study

Table 1: Specifications of Cubert X20 camera

No  Parameters Value No  Parameters Value
1 Spectral range (nm) 350-1000 5 Field of view 35°

2 Spatial pixels 410x410 6 Max frame rate 4 Hz
3 No. of bands 164 7 Data depth 12 bit
4 Spectral sampling (nm) 4 8 Bit depth 16

are given in Table 1. The Cubert X20 was then calibrated prior
to data acquisition for the data samples (strawberry leaves). The
dark, white, and distance calibrations were done sequentially and
recorded. The dark calibration of the equipment was accomplished
by covering the lens with an opaque cap [XLSS22]. The white ref-
erence image, on the other hand, is obtained using a rectangular
Spectralon tile with 99.9% reflectance and the lens that has been
opened after dark calibration. Following that, distance calibration
was done by determining and fixing the distance between the cam-
era and the object. The camera calibration is a required and in-
evitable step because the collected HSI images require radiometric
correction before being used for investigations [JWT*21].

Hence, to determine the hyperspectral reflectivity of the image,
the following equation needs to be applied as [CSL*24],

Iraw — 1,
fo = gtk M
white ~ “dark
where I¢c represents the calibrated image, Iraw represents the raw
image, I3, represents the dark reference image, and I, pite T€P-

resents the white reference image.

2.2.2. Calibration Protocol

Given that the primary objective of this experiment was to de-
tect the PM disease and quantify its detrimental effects on straw-
berry leaves, a dedicated acquisition protocol was designed and
employed. Prior to image collection, a strict calibration procedure
was performed using white and dark reference standards, as well
as distance calibration, to ensure consistent and repeatable spectral
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measurements. An overview of the entire procedure is illustrated in
Figure 2.

As shown in Figure 2, during acquisition, the HSI camera was
mounted on a mechanized rail system mounted above the straw-
berry plants, allowing the camera to traverse the length of the poly-
tunnel in a continuous and uniform manner. However, once the
camera began moving along this rail, slight fluctuations in the cal-
ibration setup were observed due to variations in ambient lighting,
leaf orientation, and mechanical vibrations inherent to the cam-
era’s motion. Then, let 7¢ represents the calibration period prior to
imaging. Following this, hyperspectral data were sequentially cap-
tured at time points 77, T3, T3, and so forth, as the camera moved
along the rail. Let Ty denotes the time at which spectral deviations
from the calibrated conditions exceed an acceptable threshold. This
threshold was determined by comparing the spectral signatures
measured at each time point to a reference spectrum of healthy,
uninfected leaves. Once such a deviation was detected (e.g., at Ty),
all subsequent data were deemed unreliable for accurate analysis.

Accordingly, all images acquired after the Ty | frame were dis-
carded, ensuring that only spectrally consistent and well-calibrated
data were used for further processing and modeling. This strict pro-
tocol guaranteed that the modeling was based exclusively on data
collected under stable calibration conditions, improving the robust-
ness and accuracy of the PM disease detection system.

2.2.3. Spectra extraction

The spectral data extraction was carried out using the Cuvis SDK
provided by Cubert, which offers wrappers for Python, MATLAB,
and C++. For this study, the Python interface of the Cuvis SDK was
employed, along with relevant Python libraries for data processing.
As shown in Egn (1), the calibrated hyperspectral reflectance data
were computed using measurements obtained from dark, white, and
distance calibration frames. To ensure consistency, the reflectance
values were normalized to fall within the [0, 1] range. Given that
the hyperspectral camera operates with a 12-bit depth, normaliza-
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Figure 3: Figures illustrate the various steps involved in spectra extraction of the strawberry leaves

tion was performed by dividing the raw pixel values by 4095, the
maximum possible intensity value.

Further, regions of interest (ROI) corresponding to healthy and
infected areas were manually identified. From each hyperspectral
data cube, the spectral bands corresponding to red, green, and blue
wavelengths were concatenated to create an RGB-equivalent im-
age, facilitating visual inspection and ROI selection. Based on these
RGB composites, the specific regions representing each class were
delineated. Subsequently, the spectral data from the selected ROIs
were extracted and stored separately for further analysis. The en-
tire procedure of extracting spectra is illustrated in Figure 3. Fig-
ure 3 (a) is the RGB-equivalent image created using the aforemen-
tioned procedure, in which the PM-affected area is clearly visible.
Then, Figure 3 (b) is the grayscale image captured at 794 nm (100"
band), where ROIs taken from the healthy leaf area as well as the
PM-affected area are displayed. Finally, Figure 3 (c) and Figure 3
(d) represent the mean spectra plotted against the wavelengths for
these two ROIs, where ROI 1 denotes the mean spectra from the
PM-affected leaf area, whereas ROI 2 represents the mean spectra
taken from the healthy leaf area.

2.2.4. Hyperspectral data preprocessing

To reduce the influence of noise and light scattering in the acquired
spectral data, a structured preprocessing pipeline was implemented.
The process begins with the application of the Isolation Forest algo-
rithm [LTZ08], an unsupervised outlier detection method that iso-
lates anomalous observations based on random partitioning. This
step targets and removes spectral outliers potentially caused by
noisy measurements, variable illumination, or other inconsistencies
not representative of healthy or diseased leaf samples.

Following outlier detection, Savitzky—Golay Smoothing (SGS)
[WLM™23] was applied to reduce high-frequency noise while pre-
serving the original shape and features of the spectra. Subsequently,
two preprocessing combinations were evaluated for data modeling:

e SGS followed by Standard Normal Variate (SGS+SNV)
e SGS followed by Multiplicative Scatter Correction (SGS+MSC)

Both SNV and MSC are designed to correct multiplicative and ad-
ditive effects due to scattering, aiming to normalize each spectrum
relative to the dataset mean.

These preprocessing strategies were employed to enhance spec-
tral data quality and improve the reliability of downstream classi-
fication models. Figure 4 (a) represents total spectral data acquired
for this experiment, and Figure 4 (b) represents its corresponding
Principal Components Analysis (PCA) [ASS21] plot. Then, Figure
4 (c) denotes the spectral data after outlier removal using Isola-
tion Forest and SGS, and Figure 4 (d) represents its respective PCA
plot. Similarly, Figures 4 (e) and 4 (f) are the spectral data plot-
ted after the SGS+SNV and the SGS+MSC preprocessing steps,
respectively.

2.3. Classification model development

Machine learning models combined with hyperspectral imaging
have been widely adopted in plant disease diagnosis. Traditional
machine learning techniques such as SVM, KNN, Naive Bayes
(NB), and PLS-DA have been commonly used to identify plant dis-
eases and estimate their severity [JWT*21]. However, these meth-
ods rely heavily on manual feature extraction and tend to perform
well only under specific conditions. At the same time, studies have
increasingly incorporated deep learning techniques, which offer the
advantage of automatic feature extraction and have demonstrated
higher accuracy compared to traditional approaches [ASE23].

Nowadays, deep learning has become a preferred choice for dis-
ease identification, driven by advances in computational power,
larger storage capacities, and the growing availability of large, la-
beled datasets. Deep learning with CNN has emerged as a promi-
nent topic in plant disease identification research [ASE23]. CNNs
are commonly used in deep learning to classify images, recognize
objects, and segment semantically. CNN is an enhanced version of
Artificial Neural Networks (ANNs) that is widely used for image
and spectrum analysis. A CNN’s convolutional layers extract fea-
tures from the incoming data. The convolutional layers consist of a
filter and an activation function that classifies images of leaves as
healthy or disease-affected.

In this experiment, a one-dimensional CNN (1D-CNN) was de-
veloped to classify hyperspectral signatures of healthy and powdery
mildew-affected strawberry leaves. The model consisted of an in-
put layer accepting 1D spectral vectors of 145 bands, followed by
two convolutional layers with 64 and 128 filters, respectively, each
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Figure 4: Figures illustrate raw spectral data, outlier detection, SGS, SNV and MSC results

using a kernel size of 3 and ReLU activation. Batch normalization
layers were applied after each convolutional layer to stabilize and
accelerate training. Max-pooling layers with a pool size of 2 were
used to progressively reduce feature dimensions. The extracted fea-
tures were flattened and passed through a fully connected (dense)
layer with 64 neurons and ReLU activation, followed by a dropout
layer (rate = 0.3) to prevent overfitting. Finally, a sigmoid-activated
output neuron was used for binary classification. The model was
trained using the Adam optimizer and binary cross-entropy loss.

3. Results and Discussions
3.1. Spectral Analysis

In this experiment, the full hyperspectral wavelength range was uti-
lized to analyze the spectral behavior of strawberry leaves. Spectral
absorption varies with molecular structure; thus, infection-induced
changes in cellular composition and molecular structure lead to
noticeable differences in the spectral patterns of healthy versus
PM-infected leaves [JWT*21]. These spectral variations are of-
ten consistent and distinct—serving as a form of chemical finger-

© 2025 The Author(s).
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print—which allows not only the detection of disease occurrence
but also the assessment of infection severity.

Figure 5: Figure illustrates a few sample images of strawberries
from acquired from the strawberry field

Figure 5 presents sample images captured by the HSI camera
during data acquisition. As shown, visible distinctions can be ob-
served between healthy and PM-infected leaves. Figure 6 illustrates
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the mean spectral signatures of healthy and PM-affected leaf areas,
derived from the sample image in the first row and second column
of Figure 5. As depicted in Figure 6, healthy leaves typically exhibit
low reflectance in the 400-700 nm region of the spectrum. Within
this range, a characteristic green peak appears between 500 and 570
nm, including a nitrogen absorption band near 550 nm [WFJ*23].
Additionally, a distinct reflectance valley is observed around 670
nm, attributed to strong chlorophyll absorption. This is followed by
a sharp rise at the red edge and a generally high reflectance in the
near-infrared (NIR) region.

In contrast, PM-infected leaf regions display significant spectral
deviations due to altered photochemical activity and changes in pig-
ment content associated with disease progression [ XLSS22]. These
differences are evident in the comparative mean spectra, clearly
confirming the theoretical expectations. The spectral signatures of
healthy and infected leaf areas thus highlight key features that en-
able reliable differentiation using hyperspectral imaging.

Comparison Spectra (Healthy and PM Affected)

— ROI1
ROI 2

o o o
IS o o

Reflectance
°
W

0.2

400 500 600 700 800 900
Wavelength (nm)

Figure 6: Mean Spectra of healthy leaf and PM-infected leaf plot-
ted against the wavelength

3.2. Evaluation metrics

The models’ performance in distinguishing PM-affected strawberry
leaves was evaluated using the confusion matrix, precision, re-
call, Fi-score, and accuracy using the equations mentioned be-
low [CSL*24].

Precision = L ()
TP+FP
Recall = e 3)
TP+ FN
Precision x Recall
Fi- = 4
1-score Precision + Recall @
TP+TN
A = 5
Y = TP TN+ FP+ FN )

where , TP, TN, FP, FN represent the true positive, true negative,
false positive, and false negative data samples, respectively

3.3. Performance evaluation results for the classification
models

In this experiment, the accuracy of the 1D-CNN model converged
within 30 epochs, demonstrating efficient training. As the number
of training iterations increased, a steady decrease in training loss
was observed, indicating effective learning. In addition to the 1D-
CNN, traditional machine learning models such as RF, DT, LDA,
and PLS-DA were employed for comparative analysis.

Table 2: Performance evaluation results of the classifier models

Model Preprocessing ~ Precision Recall Fj-score  Accuracy
RE SGS+SNV 0.56 0.54 0.55 0.57
SGS+MSC 0.56 0.55 0.56 0.57
DT SGS+SNV 0.54 0.49 0.52 0.55
SGS+MSC 0.56 0.50 0.53 0.56
SGS+SNV 0.75 0.72 0.64 0.74
PLS-DA SGS+MSC 0.77 0.72 0.65 0.74
LDA SGS+SNV 0.71 0.61 0.65 0.69
SGS+MSC 0.71 0.61 0.65 0.69
SGS+SNV 0.82 0.73 0.71 0.73
ID-CNN SGS+MSC 0.84 0.73 0.71 0.75

The performance comparison of all models is summarized in Ta-
ble 2, with the best results highlighted in bold. It was observed
that the RF and DT models yielded relatively poor evaluation met-
rics and did not achieve satisfactory classification performance. In
contrast, the PLS-DA model produced acceptable results, showing
improvement over RF and DT across key performance indicators
with the accuracy of 0.74, and the precision of 0.77. Among all
evaluated models, the 1D-CNN employed delivered the accuracy
and precision values as 0.74 and, 0.84 respectively. Hence, the 1D-
CNN yielded the most consistent and superior performance, out-
performing the traditional methods in terms of accuracy and other
evaluation metrics, confirming its suitability for the classification
task in this study. Furthermore, the confusion matrices for all the
models obtained are shown in Figure 7 (a) to Figure 7 (e).

Even though the proposed framework yielded promising results
compared to other machine learning models, there remains poten-
tial for further improvement. One contributing factor is that, while
the 1D-CNN employed in this study effectively captured spectral
features, it is inherently limited to spectral information and does
not account for spatial patterns that could provide additional con-
text for classification. Incorporating architectures capable of ex-
tracting both spectral and spatial features, such as 2D- or 3D-
CNNs; could enhance the model’s ability to localize disease symp-
toms more accurately, especially under heterogeneous field condi-
tions. Furthermore, environmental variations during image acquisi-
tion—such as changes in lighting, leaf orientation, and background
interference—can influence spectral signatures. Although standard
preprocessing techniques help to minimize these effects, future sys-
tems may benefit from adaptive correction mechanisms or real-time
calibration strategies to ensure the reliability and consistency of hy-
perspectral data in variable field environments.

© 2025 The Author(s).
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Figure 7: Figures illustrate the various confusion matrices obtained for the classifier models

4. Challenges and Future Perspectives

The integration of hyperspectral imaging (HSI) and deep learning
for the detection of powdery mildew in strawberry leaves opens
promising avenues in precision agriculture. However, several tech-
nical aspects encountered during this study present valuable op-
portunities for refinement and future exploration. One key area for
future enhancement involves expanding the diversity and volume
of hyperspectral data. Although the current dataset effectively sup-
ported model development, incorporating a broader range of sam-
ples across different growth stages, environmental conditions, and
plant varieties could further improve model generalization and ro-
bustness. Such diversity not only enhances classification perfor-
mance but also ensures adaptability to real-world agricultural set-
tings where variability is the norm.

Another consideration lies in the high dimensionality of hyper-
spectral data, which includes hundreds of spectral bands. While
these bands offer rich information, they also introduce spectral re-
dundancy and potential noise. In this study, preprocessing tech-
niques such as SGS, SNV, and MSC were employed to improve
signal quality. Nevertheless, further optimization through advanced
feature selection or dimensionality reduction methods or attention-
based band selection may yield even more discriminative features
and improve model efficiency. The detection of powdery mildew,
particularly at early infection stages, presents a subtle challenge
due to minimal visible and biochemical changes in the plant tis-
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sue. These changes often result in subtle spectral variations that
are difficult to capture without highly sensitive models. Integrating
complementary data modalities, such as RGB or thermal imaging,
alongside hyperspectral data, may enhance the system’s ability to
identify early disease symptoms with greater precision.

In future work, efforts will be directed toward expanding the
dataset to capture a broader spectrum of conditions, exploring mul-
timodal sensing approaches, and employing more sophisticated
model architectures that integrate spatial and spectral learning. Em-
phasis will also be placed on real-time applicability through model
optimization and deployment strategies suitable for field environ-
ments. These developments aim to bridge the gap between exper-
imental success and practical deployment, bringing the benefits of
hyperspectral technology closer to everyday agricultural decision-
making.

5. Conclusions

This study investigated the feasibility of hyperspectral imaging
for detecting and classifying healthy and powdery mildew (PM)-
affected leaves in plants grown under a poly-tunnel environment.
The results demonstrated that changes in spectral reflectance pat-
terns were strongly correlated with physiological alterations caused
by PM infection. A one-dimensional Convolutional Neural Net-
work (ID-CNN) was implemented as the primary classification
model and achieved an accuracy of 75% on the test dataset over the
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full spectral range. The performance of the 1D-CNN model was
compared with several conventional classifiers, including Linear
Discriminant Analysis (LDA), Partial Least Squares Discriminant
Analysis (PLS-DA), Random Forest (RF), and Decision Tree (DT).
The 1D-CNN consistently outperformed these methods. Spec-
tral preprocessing techniques such as Savitzky-Golay Smoothing
(SGS), Standard Normal Variate (SNV), and Multiplicative Scatter
Correction (MSC) were employed to improve data quality, while
Isolation Forest was used for outlier detection. Among all tested
configurations, the SGS + MSC + 1D-CNN model achieved the
best classification performance. The findings highlight the poten-
tial of combining hyperspectral imaging with deep learning for
early disease detection under protected cultivation systems. Future
work will aim to improve model generalizability by incorporating
a larger and more diverse dataset, including different stages of PM
infection.
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