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 A B S T R A C T

Crop lodging, the permanent displacement of crop stems from their vertical position, causes substantial yield 
and quality losses in wheat production. Early and accurate detection of lodging and its severity is therefore 
essential for improving harvest management and reducing economic risk. This study, for the first time, 
examines hyperspectral data from the Environmental Mapping and Analysis Program (EnMAP) satellite in 
conjunction with field hyperspectral measurements and machine learning algorithms to detect wheat lodging 
and its severity and to identify spectral regions important for lodging detection. The study was conducted at 
Bonifiche Ferraresi Farm in Italy, where wheat biophysical measurements were collected alongside spectral 
measurements acquired using an Analytical Spectral Device (ASD) spectroradiometer, concurrent with EnMAP 
data acquisition. Wheat spectral reflectance derived from both field and EnMAP data was analyzed to determine 
how lodging alters wheat spectral characteristics and to identify sensitive wavelengths. Following spectral 
preprocessing, lodging severity was quantified using a lodging score and modeled with Principal Component 
Analysis (PCA) based Gaussian Process Regression (GPR), Partial Least Squares Regression (PLSR), Multilayer 
Perceptron (MLP), and Explainable Boosting Machine (EBM). Model performances and spectral relevance were 
evaluated through PCA loadings,  Variable Importance in Projection (VIP), SHapley Additive exPlanations
(SHAP) values, and EBM feature contributions. The results indicate that EBM achieved the highest predictive 
performance (𝑅2 = 0.66 and 𝜀rmse = 0.15 for ASD and 𝑅2 = 0.60 and 𝜀rmse = 0.18 for EnMAP), while 
interpretability analyses consistently highlighted six key spectral regions (550, 670, 720–740, 865, 1650, and 
2130–2190 nm) as being sensitive to lodging-caused structural changes in wheat canopies. These findings 
demonstrate the potential of hyperspectral modeling for satellite-based lodging assessment under cloud-free 
acquisition conditions, while highlighting current constraints on operational deployment related to revisit 
frequency, atmospheric effects, and transferability beyond the study site and growth stage.
1. Introduction

High demand in agriculture often leads to the overuse of fertilizers 
and water resources in an effort to boost crop yields. Cereal crops are 
fundamental components of human nutrition, serving as a significant 
food source. In 2023, maize, wheat and rice alone accounted for 91% of 
total global cereal production (FAO, 2024). As such, their vulnerability 
to environmental pressure is especially concerning. Heavy rains, intense 
winds, and the simultaneous inefficient use of fertilizers and irrigation 
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may pose additional risks to the stability of cereals resulting in reduc-
tions in crop productivity and quality. Lodging, which is the permanent 
displacement of a crop’s stem from its vertical position (Pinthus, 1974), 
is a major cause of losses in cereal production. Lodging can occur 
anywhere between the stem elongation to ripening growth stage, with 
crops becoming more susceptible at later growth stages (Rajkumara, 
2008). Lodging in cereal crops, particularly wheat, can result in sub-
stantial yield losses at the field level, up to 75% (Berry and Spink, 
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2012). Early detection of lodging and its severity is critical, as lodg-
ing may significantly decrease crop quality and yield. Real-time or 
near-real-time availability of such information is crucial for enhancing 
estimates of crop yield losses, informing insurance loss adjusters, and 
guiding management decisions throughout the season or for subsequent 
seasons.

Conventional techniques for detecting and assessing crop lodging 
primarily rely on field observations and physical models developed in 
the field or laboratories. Physical models were initially developed to 
simulate the lodging of crops caused by wind (Baker, 1995) and later 
expanded to quantitatively model the risk of lodging for wheat (Baker 
et al., 1998, 2014). However, these models can only be deployed in a 
limited and sparsely distributed manner, even with optimization, due 
to their high data requirements, complexity, point-based nature, and 
high computational costs. The most popular strategies for detecting 
and evaluating lodging severity are field-based methods based on visual 
examination (Chauhan et al., 2019). However, these techniques are ex-
pensive and impractical for regions greater than a few hundred hectares 
and depend on the observer’s expertise, experience, and reliability.

Remote sensing plays an important role in assessing and monitoring 
crop and soil parameters. The spectral and backscatter behaviors of 
plant canopies are altered by changes in their biochemical and biophys-
ical properties, canopy architecture and soil background (Darvishzadeh 
et al., 2008; Darvishzadeh, 2025). Hence, remote sensing-based esti-
mation of these parameters enables the detection of lodging and its 
severity during critical growth stages. For instance, time-series analysis 
of remote sensing data has been successfully applied to detect lodging 
in wheat using a lodging score index that integrates crop angle of 
inclination and lodged area (Chauhan et al., 2020c).

Advances in remote sensing, including optical and radar systems, 
now enable periodic and timely information on crop conditions across 
large and remote areas. Despite major progress in satellite-based crop 
monitoring, studies specifically addressing crop lodging detection and 
severity assessment remain limited. Consequently, developing robust 
methods for lodging detection and severity assessment remains an 
important research need. Several types of remote sensing imagery have 
been used to detect and characterize lodging. Synthetic Aperture Radar 
(SAR) has been used to monitor the extent and severity of lodging in 
crops like maize, wheat, and rice by leveraging its sensitivity to changes 
in crop structure (Yang et al., 2015; Han et al., 2017; Chauhan et al., 
2021; Dai et al., 2022; Qu et al., 2023). However, SAR-based lodging 
detection can be confounded by crop properties such as biomass, 
making it difficult to isolate lodging effects from other factors without 
careful modeling or time-series analysis. Furthermore, heterogeneous 
lodging patterns and the limited ability of some SAR metrics to capture 
subtle orientation changes reduce the reliability of lodging severity 
estimation at field scale (Chauhan et al., 2020a,b).

Multispectral data complement SAR by capturing visible and near-
infrared reflectance, enabling the development of spectral indices that 
help distinguish lodged from healthy crops. Several studies have used 
multispectral data from airborne systems, UAVs and satellite systems 
to detect lodging. Balloon and low-altitude platforms have been used 
to derive canopy-height and thermal/NIR cues for lodging assessment, 
although height can be biased near harvest (Murakami et al., 2012; 
Chapman et al., 2014). UAV studies combining visible–NIR bands with 
textural features can achieve high classification accuracies, though 
confusion with bare soil is an issue when textures are similar (Liu et al., 
2014; Yang et al., 2017). At the satellite scale, relatively few studies 
have used multispectral satellite imagery (e.g., Sentinel-2, Gaofen-
1, and Gaofen-2) to assess lodging in wheat and maize (Chauhan 
et al., 2020c; Guan et al., 2022; Chen et al., 2022; Tang et al., 2022; 
Zhang et al., 2026). The combination of multispectral data and SAR 
has proven to be particularly effective in crop lodging detection, as 
it merges the structural insights provided by SAR with the spectral 
richness of multispectral data. This fusion of data sources has led to 
2 
more accurate and reliable lodging detection and mitigated the effects 
of crop lodging on yield (Wang et al., 2020; Guo et al., 2023)

Compared to multispectral sensors, hyperspectral sensors measure 
reflectance in many narrow, closely spaced wavelengths rather than a 
handful of broad bands. This richer spectral detail can capture more 
subtle crop responses and help to investigate lodging-related signals 
across the full spectral range (400–2500 nm). Further utilizing hyper-
spectral data allows overcoming the spectral saturation problem and 
the limited sensitivity of multispectral data to subtle canopy structural 
or biochemical changes (Mutanga and Skidmore, 2004). To date, hy-
perspectral research on lodging has been concentrated at the field and 
UAV scales, where high spectral resolution can be paired with detailed 
ground observations. For example, field hyperspectral measurements 
have been used to distinguish lodged from non-lodged rice, with lodg-
ing primarily affecting the magnitude of the reflectance response across 
the measured spectrum (Liu et al., 2011). UAV-based hyperspectral 
studies have extended this work to maize, however, these analyses were 
restricted to the visible-near infrared domain (400–900 nm), where 
high-resolution spectra from this domain were used to characterize 
lodging stress and to evaluate post-lodging recovery patterns (Sun et al., 
2022, 2024). Longer-term in situ hyperspectral datasets have also been 
used to evaluate spectral indices for rice lodging detection (Sarker 
et al., 2026). However, despite these advances, spaceborne hyperspec-
tral applications remain comparatively limited, and to the best of our 
knowledge, no studies have yet used hyperspectral satellite data to ex-
plicitly assess lodging severity. Furthermore, it is still uncertain which 
spectral features best support lodging detection and severity assessment 
from hyperspectral satellite data, and how these features compare with 
those derived from field-based hyperspectral measurements.

Although lodging has traditionally been inferred from optical re-
flectance and SAR backscatter, often using derived metrics such as 
vegetation indices and texture measures (where available) (Yang et al., 
2015; Han et al., 2017; Chauhan et al., 2020a), recent studies increas-
ingly rely on machine learning and deep learning for improved lodging 
assessment. Most approaches operationalize ‘‘severity’’ in two main 
ways: (i) segmenting lodged areas (used as a proxy for severity) using 
encoder–decoder and transformer-style segmentation models (Zhang 
et al., 2020; Zhao et al., 2020; Jiang et al., 2022; Yu et al., 2023; 
Zhao et al., 2023; Zhang et al., 2023) and (ii) classifying lodging into 
severity grades, which is addressed in a small number of studies using 
dedicated severity-focused frameworks (Ali et al., 2023; Azizi et al., 
2024; Zang et al., 2024). These recent studies, which primarily rely on 
UAV multispectral (and RGB) imagery and SAR data, highlight a gap 
that hyperspectral, particularly spaceborne hyperspectral, approaches 
remain underused for deriving quantitative, biophysically meaningful 
lodging severity estimates that are robust across individual settings.

In this context, different machine learning strategies offer com-
plementary advantages for hyperspectral lodging assessment. Linear 
latent-variable methods such as PLSR remain useful for handling
collinear spectral predictors and for deriving wavelength importance 
measures, whereas nonlinear models such as GPR and MLP can better 
capture complex reflectance–lodging relationships. Interpretable meth-
ods such as EBM are particularly relevant where predictive performance 
must be complemented by transparent attribution of informative spec-
tral regions. These considerations motivated the combination of linear, 
nonlinear, and interpretable machine learning models evaluated in 
this study (Rosipal and Krämer, 2005; Williams and Rasmussen, 1995; 
Murtagh, 1991; Nori et al., 2019; Celik et al., 2023).

Therefore, this study investigates hyperspectral remote sensing at 
both satellite and field scales to detect wheat lodging and quantify its 
severity, and identifies the spectral bands most informative for lodging 
detection using hyperspectral satellite (EnMAP) and field (ASD spec-
trometer) data. To this end, we employ machine-learning modeling, 
two-band vegetation indices (TBVI), and continuum-removed spectra 
to characterize lodging-sensitive spectral behavior and to assess the 
degree of overlap in informative wavelength regions across sensors.
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Fig. 1. Location of the study site, Bonifiche Ferraresi Farm in Italy. Left: Location of the study region (red area) in northern Italy. Right: Detailed map of the 
study area (44◦49′–44◦52′ 𝑁 , 11◦54′–12◦00′ 𝐸), showing cadastral parcels of wheat fields (green fields outlined in red), and individual sampling points (red dots).
2. Materials

2.1. Study area

The farm owned by Bonifiche Ferraresi, an agri-food company with 
one of the largest agricultural holdings in Italy, was selected as the 
research site to monitor and detect wheat lodging. Located in the 
province of Ferrara, within the Emilia-Romagna region, the study area 
is situated in the municipality of Jolanda di Savoia and comprises 
approximately 3850 ha of arable land (Fig.  1). The area is characterized 
by a warm temperate climate suitable for a wide range of crops. 
Bonifiche Ferraresi cultivates wheat, barley, corn, rice, soybeans, and 
other horticultural and forage crops, which are typically managed 
under multi-year crop rotation systems. Winter wheat is generally sown 
between late October and early November and harvested by the end 
of June; from May onward, particularly during the grain-filling phase 
following flowering, the crop is highly susceptible to lodging. During 
the 2022–2023 growing season, three wheat types were cultivated over 
a total area of 664.24 ha: emmer wheat (Triticum dicoccum), durum 
wheat (Triticum durum), and soft wheat (Triticum aestivum).

A field campaign was conducted from April 30 to May 18, 2023, 
during the flowering period, to collect field biophysical parameters and 
hyperspectral measurements for lodging score estimation in the wheat 
fields. During this period, wheat was in the flowering stage, which falls 
within the broader growth interval during which lodging susceptibility 
increases (Rajkumara, 2008). The sampling sites were selected using 
a stratified random sampling design to capture the observed range 
of lodging severity across the study area while reducing bias toward 
particular parcels or easily accessible locations. This approach was 
intended to ensure representation of healthy, moderately lodged, and 
severely lodged conditions across the sampled wheat fields. The sam-
pling was carried out on two spatial scales corresponding to field and 
satellite remote sensing data. Given EnMAP’s 30 m spatial resolution, a 
90 m × 90 m plot was defined to enable extraction of the hyperspectral 
remote sensing signal using a 3 × 3 pixel window. Within each 90 m 
× 90 m plot, fifteen 1 m × 1 m microplots were sampled, clustered 
around the plot’s corners and center, to capture within-plot variability 
of biophysical and spectral parameters on a fine spatial scale (Fig. 
2(a)). This configuration was intended to provide discrete within-plot 
observations rather than continuous spatial coverage of the full 90 m ×
90 m area. The final number of microplots reported in Table  1 reflects 
3 
the subset of valid measurements retained after quality control and 
plot-level aggregation.

These microplots provided insights into lodging biophysical charac-
teristics (slant height and crop inclination angle), and variability at the 
smallest spatial scale. Each parameter was evaluated at the microplot 
level. Subsequently, the measurements were averaged at plot levels to 
generate parameters across the two spatial scales.

2.2. Field data collection

The crop angle of inclination (CAI), the angle between the stem 
and ground in relation to the vertical, provides a quantitative measure 
of lodging (Chauhan et al., 2020a). To calculate the CAI within the 
microplot, crop vertical height (h𝑣𝑙), distance from the canopy head to 
the soil surface and the slant height (h𝑠𝑙), distance from the canopy 
head to the point where lodging begins (see Fig.  2(b)) were measured 
using tape measure readings taken within each microplot. These values 
were then used to calculate the CAI according to Eq. (1): 

CAI(𝜃) = 90◦ − arcsin
(

ℎ𝑣𝑙
ℎ𝑠𝑙

)

(1)

The lodging score (LS) classifies the severity of lodging in a given 
area. The LS calculation incorporated both CAI and visual assessments 
of the lodged area (LA), providing a normalized score for comparative 
analysis (Chauhan et al., 2020b) (Eq. (2)). Here, LA represents the 
visually estimated lodged area percentage within each 1 m × 1 m 
microplot, expressed on a 0%–100% scale. It was assessed in the field 
as the proportion of the microplot area covered by plants that were 
permanently displaced from the vertical position. 

LS =
( LA
100

)

(

CAI(𝜃)
90◦

)

(2)

Here, CAI(𝜃) denotes the crop angle of inclination (in degrees), ℎ𝑣𝑙 is the 
vertical height from the canopy head to the soil surface, and ℎ𝑠𝑙 is the 
slant height from the canopy head to the point where lodging begins. 
LA denotes the visually estimated lodged area within each microplot, 
expressed as a percentage on a 0–100 scale. LS is the resulting lodging 
score.

The LS range is used to categorize plots into;

• Healthy: 0 ≤ LS ≤ 0.05
• Moderately lodged: 0.05 < LS ≤ 0.35
• Severely lodged: 0.35 < LS ≤ 0.90
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Fig. 2. Overview of field sampling and crop lodging characteristics. Panel (a) is a conceptual schematic of the sampling design (not drawn to area scale). Within 
each 90 m × 90 m plot used for 3 × 3 EnMAP extraction, fifteen discrete 1 m × 1 m microplots were sampled to characterize within plot variability in lodging 
and spectral response.
This classification system provided a basis for evaluating spec-
tral reflectance and other remote sensing parameters concerning crop 
health and lodging. To derive plot-level measurements, values from the 
microplots were averaged.

2.3. Remote sensing data

2.3.1. Enmap hyperspectral image
The EnMAP hyperspectral satellite mission, managed by the German 

Aerospace Center (DLR), is designed to monitor and analyze Earth’s 
environment on a global scale. EnMAP operates in a sun-synchronous 
orbit, providing high-resolution hyperspectral data that captures de-
tailed information across a wide range of wavelengths. The satellite 
is equipped with a hyperspectral imager that consists of 224 spectral 
bands, covering the visible and near-infrared (VNIR) range from 420 
to 1000 nm and the shortwave infrared (SWIR) range from 900 to 
2450 nm. This spectral coverage allows for precise analysis of envi-
ronmental parameters. The EnMAP satellite has a ground swath width 
of 30 kilometres, revisiting the same location every 27 days at the 
equator, with more frequent coverage at higher latitudes. EnMAP data 
products are available at different processing levels 1B, 1C, and 2 A, 
each with different processing procedures. This study used a level 2 A 
product (radiometric, geometric, and atmospheric errors corrected). A 
cloud-free EnMAP hyperspectral image acquired on 21 May 2023 and 
obtained from DLR (German Aerospace Center) was selected for this 
study, as it represented the closest cloud-free satellite observation to the 
field campaign period. EnMAP reflectance represents an area integrated 
satellite signal and is influenced by solar illumination and sensor view-
ing geometry in addition to atmospheric correction uncertainties. In 
contrast, the ASD measurements were acquired under near-nadir field 
geometry and a much smaller instantaneous field of view. Therefore, 
cross-sensor differences may partly reflect BRDF-related effects and 
scale mismatch, not only differences in spectral sampling.

For the 21 May 2023 acquisition, the EnMAP metadata reported a 
solar zenith angle of 25◦, solar azimuth angle of 170◦, viewing zenith 
angle of 11◦, and viewing azimuth angle of 14◦.

2.3.2. Field hyperspectral measurements
An Analytical Spectral Device spectrometer was used to measure the 

spectral reflectance of the canopy for both healthy and lodged wheat 
4 
Table 1
Number of microplots and plots by Wheat Status.
 Wheat status Nr. of microplots Nr. of plots 
 Healthy 74 23  
 Lodged 115 41  

at the microplot level. The spectroradiometer operates within a wave-
length range of 350 nm to 2500 nm, with a spectral sampling interval 
of 1 nm. The instrument comprises three sensors: VNIR (350 nm to 
1000 nm), SWIR 1 (1000 nm to 1800 nm), and SWIR 2 (1800 nm 
to 2500 nm). The spectroradiometer was calibrated in each microplot 
using a reference white panel before data collection. An optical fiber 
probe with a 25◦ field of view was positioned vertically downward at a 
height of 1 m above the wheat canopy. Ten consecutive measurements 
were recorded at each microplot to minimize noise and reduce random-
ness. Measurements were conducted exclusively on sunny days under 
clear-sky conditions. A total of 189 microplot-level spectral reflectance 
measurements were acquired using the specified protocol (Table  1.)

2.4. Data preprocessing

The data preprocessing workflow (Fig.  3), details the steps under-
taken for both data sources, the implementation of multiple analytical 
methods, and the presentation of the obtained results. For field spectral 
measurements and EnMAP hyperspectral data, several steps were taken 
to enhance data quality. Noisy bands (350–400 nm and 2350–2500 nm) 
were removed due to the high levels of instrument-related noise and 
water vapor absorption regions (1340–1420 nm and 1800–1960 nm) 
were excluded to reduce atmospheric interference. Outliers were iden-
tified using the Interquartile Range (IQR) criterion by removing those 
falling outside the 25%–75% range to ensure consistency. Following 
outlier removal, the mean spectral reflectance was calculated within 
each microplot and plot to provide a reliable representation of average 
spectral behavior. A Savitzky-Golay filter, with a 2-degree polyno-
mial applied across a 9-wavelength window, was used to smooth the 
spectral data, effectively reducing noise while preserving critical spec-
tral features (see Fig.  4). These preprocessing steps ensure that each 
data source contributes reliably to the overall analysis, enhancing 
the accuracy of remote sensing-based applications in environmental 
studies.
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Fig. 3. Workflow: data acquisition → preprocessing → modeling → evaluation of lodging detection.
Fig. 4. Analysis-ready spectral reflectance data obtained after preprocessing, (a) ASD field measurement, (b) EnMAP data, showing the reflectance values prepared 
for further analysis and modeling. Each color corresponds to the lodging occurrence level.
3. Methods

We detected and identified wheat lodging from hyperspectral re-
flectance using three complementary analysis levels with increasing 
modeling complexity. First, continuum removal was applied as a phys-
ically motivated preprocessing step to normalize reflectance and em-
phasize diagnostic absorption features for direct spectral interpretation. 
Second, two-band vegetation indices (TBVI) were used as a simple 
and widely adopted approach to screen wavelength-pair interactions 
and to identify sensitive spectral regions across the full wavelength 
domain. Third, supervised machine learning pipelines were employed 
to quantify lodging severity from high-dimensional spectra and to cap-
ture potentially nonlinear relationships that are not well represented 
by individual absorption features or index-based measures. Methods 
were compared using three accuracy metrics, and we analyzed which 
absorption features and wavelength regions most strongly relate to 
lodging.

3.1. Continuum removal

We applied continuum removal (Kokaly and Clark, 1999) to normal-
ize reflectance and emphasize discrete absorption features associated 
with canopy structural changes due to lodging. Let 𝑅(𝜆) be the re-
flectance at wavelength 𝜆 and 𝐻(𝜆) the convex-hull continuum. The 
continuum-removed reflectance is 
𝑅𝑐 (𝜆) =

𝑅(𝜆)
. (3)
𝐻(𝜆)

5 
We define absorption depth and area as 

𝐷(𝜆) = 1 − 𝑅𝑐 (𝜆), 𝐴 = ∫

(

1 − 𝑅𝑐 (𝜆)
)

d𝜆, (4)

for band interval .

3.2. Two-band vegetation indices (TBVI)

We computed ratio-based TBVI across the VIS–NIR–SWIR spec-
trum (Mutanga and Skidmore, 2004) and screened wavelength pairs for 
lodging sensitivity while mitigating soil/background effects. For wave-
lengths 𝜆1, 𝜆2 with reflectances 𝑅(𝜆1), 𝑅(𝜆2), we used the normalized 
difference form 

TBVI(𝜆1, 𝜆2) =
𝑅(𝜆1) − 𝑅(𝜆2)
𝑅(𝜆1) + 𝑅(𝜆2)

. (5)

We generated 𝜆–𝜆 performance maps by fitting each TBVI to lodging 
labels and plotting the resulting Pearson correlation 𝑟(𝜆1, 𝜆2) over the 
wavelength grid.

3.3. Principal component analysis (PCA) based Gaussian process regression 
(GPR)

To address high dimensionality in hyperspectral data, we first ap-
plied PCA for unsupervised compression and then modeled the resulting 
principal-component (PC) scores with GPR (Jolliffe and Cadima, 2016; 
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Table 2
Hyperparameter optimization for each ML algorithm using predefined search 
space and selected values.
 Method Hyper-parameter Search space Selected 
 
GPR

𝐶 0.1–2.0 1.54  
 Length 0.1–2.0 0.66  
 Noise 0.01–0.5 0.10  
 

EBM

Learning rate 0.0001–0.1 0.01  
 Estimators 3–200 120  
 Max depth 5–90 10  
 Min sample split 2–30 4  
 Min samples leaf 1–10 5  
 

MLP

Hidden layers 1–3 2  
 Neuron size 16–128 32, 16  
 Activation fn. ReLU/Tanh/Logistic ReLU  
 Optimizer Adam/SGD Adam  
 Learning rate 0.0001–0.1 0.003  
 𝛼 0.0001–0.01 0.0007  

Williams and Rasmussen, 1995). Given mean-centered spectra 𝑋 ∈
R𝑛×𝑝, 

𝑋 ≈ 𝑍𝑃⊤, 𝑍 = 𝑋𝑃𝑘, (6)

where 𝑃𝑘 ∈ R𝑝×𝑘 contains the top-𝑘 loading vectors and 𝑍 ∈ R𝑛×𝑘 are 
the corresponding PC scores. In addition to reducing dimensionality for 
efficient GPR training, PCA supports wavelength-level interpretation 
through the PC loadings, which indicate the relative contribution of 
each wavelength to the dominant modes of spectral variability.

We modeled the target 𝑦 using a zero-mean Gaussian process, 

𝑓 (⋅) ∼ 
(

0, 𝑘(⋅, ⋅)
)

, 𝑦 = 𝑓 (𝑍) + 𝜀, 𝜀 ∼  (0, 𝜎2𝐼), (7)

with a radial basis function kernel 𝑘(𝑧𝑖, 𝑧𝑗 ) = 𝛼2 exp
(

− 1
2‖𝑧𝑖 − 𝑧𝑗‖2∕𝓁2), 

where 𝛼2 is the signal variance, 𝓁 the characteristic length scale, and 
𝜎2 the noise variance.

3.4. Partial least squares regression (PLSR)

We employed PLSR for supervised dimension reduction and re-
gression, well-suited to collinear hyperspectral predictors (Rosipal and 
Krämer, 2005). Let predictors 𝑋 ∈ R𝑛×𝑝 and response 𝑦 ∈ R𝑛. PLSR 
decomposes 

𝑋 = 𝑇𝑃⊤ + 𝐸, 𝑦 = 𝑇 𝑞 + 𝑓, (8)

where 𝑇 ∈ R𝑛×𝑎 are scores, 𝑃 ∈ R𝑝×𝑎 loadings, and 𝑞 ∈ R𝑎 the 
𝑦-loadings for 𝑎 components. With weight matrix 𝑊 ∈ R𝑝×𝑎, the 
regression vector and predictions are 

𝛽 = 𝑊 (𝑃⊤𝑊 )−1𝑞, 𝑦̂ = 𝑋𝛽. (9)

To assess predictor relevance with respect to the response variable, 
we employed the Variable Importance in Projection (VIP) metric de-
rived from PLSR. VIP summarizes each predictor’s overall contribution 
across the retained latent components, weighting components by the 
amount of response variance they explain. For a PLSR model with 𝑝
predictors and 𝐴 components, the VIP score for predictor 𝑗 is given by

VIP𝑗 =

√

√

√

√

√

√

√

√ 𝑝

∑𝐴
𝑎=1 SSY𝑎

𝑤2
𝑗𝑎

∑𝑝
𝑘=1 𝑤

2
𝑘𝑎

∑𝐴
𝑎=1 SSY𝑎

,

where 𝑤𝑗𝑎 is the 𝑋-weight of predictor 𝑗 on component 𝑎, and SSY𝑎
is the variance in 𝑌  accounted for by component 𝑎 (summed over 
responses for multivariate 𝑌 ). Larger VIP scores indicate greater overall 
importance.
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3.5. Multilayer perceptron (MLP)

We trained an MLP directly on high-dimensional spectra to capture 
nonlinear and nonadditive relationships (Murtagh, 1991). For input 
𝑥 ∈ R𝑝, the network computes 
ℎ(1) = 𝜙

(

𝑊 (1)𝑥 + 𝑏(1)
)

, … , 𝑦̂ = 𝑊 (𝐿)ℎ(𝐿−1) + 𝑏(𝐿), (10)

with nonlinear activation 𝜙(⋅) (e.g., ReLU). Parameters 𝛩 = {𝑊 (𝓁), 𝑏(𝓁)}
were optimized by minimizing a supervised loss (e.g., MSE) with early 
stopping and weight decay. While MLP models are treated as black 
boxes, interpreting their learned relationships requires post-hoc expla-
nation. We used SHapley Additive exPlanations (SHAP), a Shapley-
value based framework, to quantify feature importance by attributing 
each wavelength’s contribution to model predictions under feature 
coalitions (Lundberg and Lee, 2017).

3.6. Explainable boosting machine (EBM)

We used EBM to obtain an interpretable generalized additive model 
with boosted shape functions and selected pairwise interactions: 

𝑦̂ = 𝛽0 +
𝑝
∑

𝑗=1
𝑔𝑗 (𝑥𝑗 ) +

∑

(𝑗,𝑘)∈
𝑔𝑗𝑘(𝑥𝑗 , 𝑥𝑘), (11)

where 𝑔𝑗 and 𝑔𝑗𝑘 are shallow, boosted trees fit stage-wise (Nori et al., 
2019). Because EBM is a glass-box model, it does not require post-hoc 
explanation; predictions are decomposed into additive, interpretable 
univariate terms and low-order interactions. We quantify wavelength 
relevance using EBM’s feature importance, derived from the magnitude 
of each term’s contribution across the dataset.

3.7. Experimental study

Stratified random sampling was used to generate 100 independent 
70%/30% training and testing splits to ensure comparable represen-
tation of lodging condition in model development and evaluation. 
Stratification was performed by lodging class (Healthy, M-lodged, S-
lodged), such that each split preserved the class proportions observed 
in the full dataset for both ASD and EnMAP. For each split, all models 
were trained on the 70% training subset and evaluated on the held 
out 30% testing subset. Performance was summarized across runs using 
three regression metrics, coefficient of determination (𝑅2), root mean 
square error (𝜀rmse), and mean absolute error (𝜀mae). Algorithm-specific 
hyperparameters were tuned via Bayesian optimization to identify near-
optimal configurations (Akiba et al., 2019). In the PCA–GPR pipeline, 
we retained three principal components (PCs) for both ASD and EnMAP 
(Figs.  5(a)–5(b)). Although PC1 explained the majority of variance, PCs 
2–3 captured additional, orthogonal spectral variability that improved 
predictive performance and stability across splits, and together the 
retained PCs explained ≈ 99% of the cumulative variance. For PLSR, 
six latent components (LCs) were used for ASD (Fig.  5(c)) and three 
for EnMAP (Fig.  5(d)), selected based on the performance profiles. The 
hyperparameter search spaces and bounds for all learning algorithms 
are summarized in Table  2.

4. Results

4.1. Spectral feature behavior

The spectral analysis illustrated in Fig.  6 aims to distinguish be-
tween healthy, moderately lodged, and severely lodged wheat condi-
tions. Fig.  6(a) presents the continuum-removed reflectance spectra 
for each lodging class across the specified wavelength range. This 
method emphasizes diagnostic absorption features and spectral tran-
sitions in the VIS–NIR–SWIR domains. In the visible to red-edge transi-
tion (∼670–740 nm), chlorophyll-related absorption in the red (around 
670–690 nm) and the red-edge slope are preserved, but separation 
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Fig. 5. (a–b) PCA explained-variance profiles for ASD and EnMAP. In both cases, the first three PCs – used in the PCA–GPR pipeline – capture ≈ 99% of the 
variance. (c–d) PLSR model behavior as a function of the number of latent components, with six LCs used for ASD and three for EnMAP.
Fig. 6. Continuum-removed reflectance from field ASD and EnMAP hyperspectral data for three lodging levels. Both datasets show comparable absorption features 
and broadly consistent class-dependent differences across wavelength regions, although separation varies by spectral domain in EnMAP due to coarser spectral 
resolution.
among lodging classes is modest, with considerable overlap across 
healthy, moderately lodged, and severely lodged spectra (Fig.  6). 
Clearer contrasts emerge beyond the red-edge, with separations also 
evident around ∼1000 nm and ∼1200–1300 nm, and in the SWIR 
domains at ∼1600–1750 nm and ∼2100–2250 nm (Fig.  6). When 
compared with EnMAP continuum-removed reflectance (Fig.  6(b)), the 
same patterns are preserved but appear smoother and less distinct due 
to EnMAP’s coarser spectral resolution and pixel-scale mixing.

4.2. Performance of TBVI

The wavelength pairs most predictive of LS were identified by com-
puting Pearson correlations for all two-band 𝑇𝐵𝑉 𝐼 combinations (Fig. 
7 
7). The maximum absolute correlation was higher for ASD field spectra 
(|𝑟| = 0.56; 𝑛 = 189) than for EnMAP spectra (|𝑟| = 0.43; 𝑛 = 64), indicat-
ing stronger sensitivity in the denser field measurements. The strongest 
correlation structures concentrate in interactions between the red-edge 
(approximately 705–771 nm) and the NIR (about 845–944 nm), and in 
combinations linking NIR/red-edge bands with SWIR domains (around 
1590–1740 nm and 2120–2345 nm) that are sensitive to canopy wa-
ter content and dry-matter/biochemical absorption. Importantly, the 
heatmaps show both positive and negative correlation regimes, and sev-
eral wavelength-pair regions exhibit sign changes between ASD and En-
MAP, reflecting scale differences, coarser spectral sampling, and resid-
ual atmospheric and adjacency effects in satellite reflectance. Collec-
tively, these patterns indicate that a limited set of wavelength regions 
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Fig. 7. Heatmaps of Pearson correlation coefficients between TBVIs and LS derived from (a) ASD field spectra (𝑛 = 189) and (b) EnMAP spectra (𝑛 = 64). Blue 
denotes negative correlations and red positive correlations, indicating where TBVI is inversely or positively related to LS.
Table 3
Mean vs. best-fold accuracy metrics for each regression strategy for the prediction of LS, based on ASD and EnMAP derived spectra.
 Data source Method Accuracymean Accuracybest
 𝜀mae 𝜀rmse 𝑅2 𝜀mae 𝜀rmse 𝑅2  
 

AS
D

PCA-GPR 0.11 ± 0.02 0.15 ± 0.02 0.65 ± 0.10 0.08 0.11 0.80 
 PLSR 0.12 ± 0.02 0.16 ± 0.02 0.58 ± 0.12 0.08 0.10 0.80 
 MLP 0.11 ± 0.02 0.15 ± 0.02 0.65 ± 0.10 0.08 0.11 0.82 
 EBM 0.11 ± 0.01 0.15 ± 0.02 0.66 ± 0.07 0.07 0.10 0.84 
 

En
M
AP

PCA-GPR 0.14 ± 0.02 0.20 ± 0.03 0.48 ± 0.15 0.10 0.12 0.74 
 PLSR 0.17 ± 0.02 0.20 ± 0.03 0.46 ± 0.15 0.09 0.13 0.77 
 MLP 0.14 ± 0.03 0.18 ± 0.03 0.58 ± 0.14 0.09 0.11 0.78 
 EBM 0.14 ± 0.02 0.18 ± 0.02 0.60 ± 0.08 0.08 0.11 0.78 
centered on 550, 670, 720–740, 865, 1650, and 2130–2190 nm cap-
tures much of the discriminatory power for detecting and quantifying 
wheat lodging.

4.3. Machine–learning model accuracy

Table  3 compares the performance of the ML models for predicting 
LS using ASD field spectra (𝑛 = 189) and EnMAP spectra (𝑛 = 64), 
reported with 𝜀mae, 𝜀rmse, and 𝑅2. Across all four algorithms, models 
trained on ASD field spectra consistently outperformed those trained 
on EnMAP inputs for predicting LS. This difference is consistent with 
several factors, including the larger number of ASD observations and 
the finer spectral sampling and more controlled measurement geometry 
of field spectroscopy, which together can improve model calibration 
and reduce variance under repeated train–test splits.

The ASD models achieved lower errors and higher explained vari-
ance than their EnMAP counterparts. For ASD, the mean 𝜀RMSE was 
∼ 0.15–0.16 and mean 𝑅2 ∼ 0.58–0.66. For EnMAP, mean RMSE was 
∼ 0.18–0.20 and mean 𝑅2 ∼ 0.46–0.60. On ASD, EBM achieved the 
strongest mean performance (𝑅2 = 0.66 ± 0.07; 𝜀MAE = 0.11 ± 0.01; 
𝜀RMSE = 0.15 ± 0.02), closely followed by MLP and PCA-GPR (both 
𝑅2 ≈ 0.65). PLSR trailed slightly (𝑅2 = 0.58 ± 0.12). On EnMAP, EBM 
and MLP tied on error (both mean RMSE ≈ 0.18) and led in explained 
variance (𝑅2 = 0.60±0.08 and 0.58±0.14, respectively), while PCA-GPR 
and PLSR performed moderately (𝑅2 ≈ 0.46–0.48; RMSE ≈ 0.20).

Scatter plots of predicted vs. measured LS Figs.  8 mirror the metrics 
given in Table  3. For ASD, points cluster tightly along the 1:1 line, 
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most clearly for EBM and MLP, indicating low bias and reduced spread 
across the LS range. EnMAP predictions show slightly wider dispersion, 
especially at mid-to-high LS, yet EBM and MLP again produce the 
most compact clouds among the EnMAP models. Visual inspection also 
suggests fewer extreme under- and over- estimations for ASD than for 
EnMAP.

The higher performance obtained with ASD is consistent with its 
denser spectral sampling and more controlled observation geometry, 
which better preserve subtle absorption features and continuum-shape 
differences associated with lodging. The competitive performance of 
EnMAP, particularly with EBM and MLP, indicates that satellite hyper-
spectral observations retain sufficient information for lodging mapping 
despite coarser spectral resolution and pixel-scale mixing. In practice, 
field spectroscopy represents an upper bound on achievable accu-
racy, while EnMAP provides a scalable satellite-based basis for lodging 
assessment when cloud-free acquisitions are available.

4.4. Identifying informative wavelengths for ML models

We identified informative wavelength regions for lodging sever-
ity prediction using complementary, model-specific interpretability 
outputs. Specifically, we inspected PCA loadings from the PCA–GPR 
pipeline to characterize dominant modes of spectral variability, VIP 
scores from PLSR to summarize response relevant wavelengths, global 
SHAP importance from the MLP to quantify nonlinear wavelength con-
tributions, and EBM feature importance to assess additive wavelength 
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Fig. 8. Scatter plots of predicted vs. measured LS for four ML models (a–e) PCA–GPR, (b–f) PLSR, (c–g) MLP, and (d–h) EBM, shown for the best-performing 
split (highest test 𝑅2) for each model and data source. Points are color-coded by lodging class: Healthy, M-lodged, and S-lodged.
Fig. 9. PCA loadings for field-based (ASD) and image-based (EnMAP) spectra. For each dataset, the leading PCs isolate wavelength regions that explain the 
largest fractions of input variance.
effects. For each approach, we compared the dominant peaks between 
ASD and EnMAP to evaluate the degree of overlap in informative 
spectral domains across sensors.

PCA loadings (PCA–GPR) Loading patterns of the leading PCs 
(Figs.  9(a) and 9(b)) highlight wavelength regions that most strongly 
shape each component and, therefore, the spectral domains that dom-
inate variability in the inputs (Fig.  9).

VIP scores (PLSR) VIP profiles derived from the PLSR models 
(Fig.  10) highlight wavelength regions that contribute most strongly to 
lodging severity prediction. Wavelengths with VIP > 1 are commonly 
interpreted as response-relevant, while the relative height and width 
of VIP peaks provide additional information on the dominance and 
spectral extent of informative regions, supporting comparison between 
ASD and EnMAP.

SHAP importance (MLP) Global SHAP importance curves for the 
MLP models (Fig.  11) summarize wavelength relevance using mean 
absolute SHAP values across samples, where larger values indicate 
greater overall influence on MLP predictions. Dominant peaks were 
compared between ASD and EnMAP to assess cross-sensor consistency.

EBM feature importance EBM feature-importance profiles (Fig.  12) 
highlight wavelength regions that contribute most strongly to lodging 
score (LS) prediction. Dominant peaks were compared between ASD 
and EnMAP to evaluate the consistency of informative spectral domains 
across sensors.
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5. Discussion

This study demonstrates that hyperspectral remote sensing can sup-
port wheat lodging assessment at both field and satellite scales and that 
ASD and EnMAP share partially overlapping spectral response patterns 
associated with lodging related canopy alteration. The analysis of key 
wavelength regions across models and interpretability frameworks pro-
vided converging evidence that lodging sensitivity is concentrated in 
the visible, red-edge/NIR, and SWIR domains, linking structural canopy 
changes to a compact set of informative spectral regions.

The spectral behavior of both ASD and EnMAP showed that lodg-
ing altered the canopy’s spectral response, influencing several key 
absorption features (Fig.  6). In the visible-red to red-edge transition 
(∼670–740 nm), chlorophyll-related absorption in the red (around 
670–690 nm) and the red-edge slope are preserved in both sensors, 
but class separation is modest in the continuum-removed profiles, with 
considerable overlap among healthy, moderately lodged, and severely 
lodged wheat (Fig.  6). Clearer contrasts emerge beyond the red-edge, 
with separations also evident around ∼1000 nm and ∼1200–1300 nm, 
and in the SWIR domains at ∼1600–1750 nm and ∼2100–2250 nm (Fig. 
6). When comparing this behavior with EnMAP continuum-removed 
reflectance, the same trends were observed but appeared smoother and 
less distinct due to the sensor’s coarser spectral resolution relative to 
the ASD measurements.
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Fig. 10. PLSR-based Variable Importance in Projection (VIP) for (a) ASD field spectra and (b) EnMAP reflectance. Peaks indicate wavelengths with high response 
relevance after accounting for component weighting.
Fig. 11. Global feature importance derived from the absolute mean SHAP values for MLP models trained on (a) ASD and (b) EnMAP spectra ; higher values 
denote larger performance contributions.
Fig. 12. Wavelength-resolved EBM feature importance for (a) ASD field spectra and (b) EnMAP reflectance, shown across the full hyperspectral domain.
Among the tested learning algorithms, EBM and MLP provided 
the highest predictive accuracy for both ASD and EnMAP, suggesting 
that nonlinear modeling is beneficial for capturing the LS–reflectance 
relationship. The lower accuracy obtained with EnMAP relative to ASD 
can be attributed to three main factors. First, ASD provides finer spec-
tral sampling, which better preserves narrow absorption features and 
subtle continuum-shape differences associated with lodging. Second, 
ASD measurements represent a smaller instantaneous field of view 
and a more controlled observation geometry, reducing within sample 
heterogeneity compared with satellite pixels that integrate variability 
across larger areas. Third, ASD reflectance is subject to negligible 
atmospheric effects relative to spaceborne observations; despite the use 
of atmospherically corrected Level-2 A products, residual atmospheric 
and adjacency effects can still reduce spectral contrast in EnMAP 
data. In addition, the ASD dataset contained more observations, which 
can improve model calibration and reduce variance under repeated 
train–test splits.

Part of the ASD–EnMAP performance difference may also arise from 
differences in observation geometry. ASD spectra were collected under 
controlled near-nadir conditions, whereas EnMAP reflectance is influ-
enced by solar and viewing geometry at the time of acquisition. These 
BRDF-related differences were not explicitly normalized in the present 
analysis and may contribute to cross-sensor discrepancies alongside 
spectral resolution, sample size, and mixed-pixel effects.

While hyperspectral imagery provides both spectral and spatial 
information, our EnMAP analysis was based on plot-level spectra ob-
tained by averaging a 3 × 3 pixel window and therefore did not 
10 
explicitly incorporate spatial descriptors such as texture, edge structure, 
or neighborhood statistics that may better characterize lodging pat-
terns. This design choice was made to preserve spectral interpretability 
and maintain consistency with the ASD-based analysis, but it likely 
reduced sensitivity to heterogeneous lodging conditions within 30 m 
pixels. Future work could extend this framework by incorporating 
either spatial information, for example through texture measures or 
patch-based deep learning models, or more advanced spectral deep 
learning approaches, such as one-dimensional convolutional networks 
that learn diagnostic spectral patterns directly from hyperspectral sig-
nals. This may partly explain why EnMAP-based predictions were less 
accurate than ASD-based predictions, as ASD measurements were more 
directly linked to the sampled microplots and less affected by mixed-
pixel variability, whereas EnMAP pixels integrate a broader range of 
ground conditions at the 30 m scale. The performance difference is 
also attributable to coarser spectral sampling, smaller sample size, and 
within-pixel heterogeneity in the satellite data.

Across the interpretability analyses, six spectral domains repeat-
edly emerged as influential for lodging detection using hyperspectral 
remote sensing, and these spectral regions have also been reported 
in other crop lodging studies. The significance of the visible region 
(550–680 nm) showed by the VIP and SHAP importance tests corre-
sponds well with findings from wheat, maize, and rice lodging studies 
using multispectral and hyperspectral remote sensing, where reduc-
tions in chlorophyll content shown to be early spectral indicators of 
lodging (Guan et al., 2022; Chen et al., 2022). PCA and VIP analyses 
identified pronounced contributions around 720–740 nm, correspond-
ing to the red-edge inflection point, reinforcing its sensitivity to lodging 
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due to reductions in chlorophyll content and aligning with UAV- and 
MSI-based lodging assessments (Guan et al., 2022; Chauhan et al., 
2020c). Similarly, both SHAP and EBM highlighted the importance 
of the NIR region around 850–880 nm, which reflects canopy struc-
tural collapse, a pattern observed in wheat and maize lodging studies 
(Chauhan et al., 2020c; Qu et al., 2023; Sun et al., 2022). Further-
more, VIP, SHAP, and EBM analyses showed strong importance in 
two SWIR regions (1600–1750 nm and 2100–2220 nm), which is 
consistent with reported lodging-induced changes in water content and 
dry matter composition in wheat and rice (Chauhan et al., 2020c; 
Wang et al., 2020). Altogether, these results reinforce that the red-edge-
NIR-SWIR spectral regions capture the key physiological and structural 
responses to lodging and reflect lodging signatures broadly observed 
across multiple crops and sensors. Collectively, these domains over-
lap with the high-correlation TBVI regions (550, 670, 720–740, 865, 
1650, and 2130–2190 nm) identified earlier (Fig.  7), indicating that 
both narrowband and model-based analyses highlight broadly similar 
wavelength domains associated with lodging. In particular, the red-
edge–NIR–SWIR continuum emerged as a broadly consistent and bio-
physically meaningful wavelength domain for distinguishing lodging 
severity.

The identified wavelength domains should also be interpreted with 
caution because lodged canopies may alter the observed signal through 
multiple mechanisms. Under nadir-viewing conditions and at severe 
lodging levels, increased visibility of soil and shaded background may 
contribute to the measured reflectance. At the same time, lodging also 
changes canopy architecture itself, including leaf and stem orientation, 
the relative visibility of different plant tissues, and the internal scatter-
ing behavior of the canopy. In dense wheat canopies, these structural 
and radiative effects may be as important as, or more important than, 
background exposure. In the present study, fractional vegetation cover 
and soil-exclusion thresholds were not explicitly quantified, and canopy 
and background components were not separated. Our findings indicate 
that, in the dense wheat canopies examined in this study, the soil back-
ground was not visually apparent based on field observation, suggesting 
that its contribution to the measured reflectance was likely minimal. 
The observed spectral–lodging relationships should therefore be in-
terpreted mainly as integrated responses to lodging-induced canopy 
reorganization rather than as soil-driven signals.

The complementary nature of the interpretability approaches en-
hances confidence in the identified spectral drivers. PCA loadings pri-
marily captured data variance, emphasizing structural wavelengths 
independent of response variables. In contrast, VIP provided supervised 
insight, weighting wavelengths by their explanatory power for lodging 
severity. SHAP further disentangled nonlinear dependencies learned 
by MLP, revealing overlapping peaks at the red-edge and SWIR re-
gions, while EBM yielded smooth, interpretable additive feature curves, 
confirming similar trends but with clearer physiological separation. 
Together, these methods indicate that both pigment-related (visible-
red-edge) and structural-biochemical (NIR–SWIR) domains jointly de-
termine lodging reflectance signatures.

The partially overlapping spectral patterns across ASD and En-
MAP indicate that field-to-satellite transfer of informative wavelength 
domains is feasible for wheat lodging assessment under cloud-free 
conditions, but this study does not demonstrate temporal monitoring 
or broad operational deployment because only a single EnMAP ac-
quisition was analyzed at one study site. EnMAP’s revisit cycle and 
cloud constraints limit its use as a standalone operational monitoring 
source; however, hyperspectral acquisitions can still provide biophysi-
cally specific calibration and interpretation that complements higher 
temporal sensors such as multispectral and SAR time series. While 
full-range field spectroscopy provides detailed diagnostic power, En-
MAP’s spectral coverage captures the red-edge and SWIR absorption 
features that are relevant for lodging-related structural and moisture 
changes. For future hyperspectral missions and observing strategies, 
narrow spectral sensitivity around ∼720, 860, 1650, and 2130 nm 
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would support discrimination of pigment, structure, and dry-matter and 
water-related effects, especially when integrated with more frequent 
observations from other sensors.

This study is based on a single EnMAP acquisition and one field 
campaign period and therefore does not evaluate the temporal de-
velopment of lodging. The results should be interpreted as a single-
time assessment of lodging severity rather than a temporal monitoring 
framework. Multi temporal hyperspectral observations, whether from 
repeated field spectroscopy or future spaceborne acquisitions, would 
help determine how stable the identified wavelength domains remain 
before, during, and after lodging events. From a longer-term perspec-
tive, future spaceborne hyperspectral missions such as CHIME, planned 
as a two satellite constellation with expected revisiting time of 11 
days (European Space Agency, 2026), may improve the availability 
of hyperspectral observations for crop monitoring, particularly when 
combined with higher-temporal multispectral or SAR data.

A limitation of this study is that it was conducted within a single 
commercial farm in northern Italy and therefore does not test trans-
ferability across broader environmental, management, and cultivar 
conditions. Although the study area included multiple wheat parcels 
and three wheat types, the reported model performance should be 
interpreted as site-specific evidence of feasibility rather than as proof of 
generalizability for operational deployment. Future work should eval-
uate model stability across multiple farms, seasons, soil backgrounds, 
and wheat varieties.

The inclusion of three wheat types (emmer, durum and soft wheat) 
may also have introduced cultivar dependent spectral variability, since 
differences in canopy architecture, plant height, phenology, and bio-
chemical composition can affect both baseline reflectance and lodging 
response. Cultivar was not treated as an explicit covariate in the present 
analysis, and cultivar-stratified modeling was not performed. The re-
ported relationships should therefore be interpreted at the study-site 
level rather than as cultivar specific calibrations. At the same time, the 
ability to detect lodging-related spectral responses across the sampled 
wheat types suggests that hyperspectral observations retain sensitivity 
to structural changes associated with lodging, even though cultivar 
effects were not explicitly separated. Future work should test whether 
lodging-sensitive wavelength domains remain stable across wheat va-
rieties and whether cultivar-aware modeling improves transferability 
and operational robustness.

6. Conclusion

This study shows that hyperspectral data, acquired from field ASD 
measurements and from a single EnMAP acquisition, can support wheat 
lodging severity estimation under the study conditions. By combin-
ing spectral preprocessing, two-band vegetation indices, and multiple 
machine-learning models with complementary interpretability anal-
yses, we identified wavelength domains repeatedly associated with 
lodging-induced canopy change. Across methods, the most informative 
regions were concentrated around 550, 670, 720–740, 865, 1650, and 
2130–2190 nm. Field ASD spectra yielded higher predictive accuracy 
than EnMAP data, consistent with denser spectral sampling and more 
controlled acquisition geometry. The overlap in identified wavelength 
domains suggests that field-derived hyperspectral diagnostics can in-
form satellite-based analyses, while acknowledging remaining limita-
tions related to scale mismatch, observation geometry, and single-site 
validation.

These findings highlight the potential of hyperspectral imaging 
and interpretable ML models to support lodging severity assessment 
in satellite-based workflows, particularly as a calibration and inter-
pretation layer alongside higher-temporal multispectral and SAR ob-
servations. As a proof-of-concept study, this work demonstrates the 
feasibility of hyperspectral lodging assessment under the conditions ex-
amined. Future hyperspectral missions and sensor designs may benefit 
from preserving sensitivity in the identified wavelength regions, while 
further evaluation across multiple sites, seasons, and cereal types would 
strengthen the broader applicability of this framework.
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