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A B S T R A C T

Grasslands cover one-third of Earth’s land surface and are essential for livestock forage provision. Monitoring 
forage biomass and quality is key for sustainable management. Hyperspectral remote sensing and field spec
troscopy is promising, but global models often fail across biomes.

We compiled data from temperate, humid tropical, and dry subtropical grasslands in Europe and Africa, 
spanning local growing seasons and management gradients. Using machine-learning models, we assessed the 
performance and transferability of global and regional predictions for forage quality (metabolizable energy), and 
quantity (aboveground biomass), and their combined proxy (metabolizable energy yield).

Random forest regression performed best for metabolizable energy (nRMSE = 0.108, R2 = 0.68), aboveground 
biomass (nRMSE = 0.145, R2 

= 0.53), and metabolizable energy yield (nRMSE = 0.153, R2 
= 0.58). Neural 

networks showed highest global-to-regional transferability (nRMSE as low as 0.083), while globally trained 
partial least squares models outperformed regional ones (ΔnRMSE: − 0.211 to 0.037). Forage quality was pre
dicted most accurately, likely due to consistent variation in plant functional traits and strong spectral correla
tions. In contrast, forage quantity was harder to model due to region-specific canopy structure and pigment 
differences. No method achieved full spatial transferability.

Our findings highlight both the potential and limitations of hyperspectral models for forage monitoring, 
particularly the consistent accuracy of forage quality predictions and the superior performance of random forest 
models. Transferability across regions was only feasible when models accommodated local variability. Expanding 
spectral datasets, advancing sensors, and refining models may improve predictions, supporting more sustainable 
grassland management worldwide.

1. Introduction

1.1. Agronomic and ecological relevance of grasslands’ forage quantity 
and quality

Grasslands are among the world’s major ecosystems, covering 

approximately one-third of Earth’s terrestrial surface (Gibson, 2009; 
Soliveres et al., 2015; White et al., 2000). Semi-natural grasslands play a 
critical role for agricultural production in providing forage for livestock 
(Bengtsson et al., 2019; Lemaire et al., 2011). Forage provision en
compasses two fundamental components: quantity, typically expressed 
as aboveground biomass, and quality, often quantified as metabolizable 
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energy content (Ferner et al., 2018; Pavlů et al., 2006; Tirfessa and 
Tolera, 2020). Sustainable grassland management requires a clear un
derstanding of both components and their spatial and temporal variation 
(Squires et al., 2018; Tong et al., 2019). Beyond their agronomic rele
vance, forage quality and quantity also serve as indicators of ecological 
condition, linking grassland functioning to frameworks such as 
ecosystem services. Aboveground biomass is widely used to estimate 
aboveground net primary production (Ruppert and Linstädter, 2014), a 
central proxy of ecosystem functioning (Maestre et al., 2022; Ruppert 
et al., 2015). Forage quality, in turn, is closely associated with the 
biochemical and structural properties of plants, particularly their 
metabolizable energy content (Finch et al., 2002; Getachew et al., 
1998). Metabolizable energy integrates key nutritional indicators, 
notably fibre and protein content, which reflect plant functional stra
tegies along gradients of resource acquisition, growth, and defence. 
High protein levels are characteristic of fast-growing, acquisitive spe
cies, while high fibre content indicates structural investment and 
persistence (Lee, 2018). These traits align with global trait frameworks 
such as the Leaf Economics Spectrum (Wright et al., 2004) and the 
multidimensional trait space described by Díaz et al. (2016), and are 
especially relevant in grasslands, where forage traits influence herbiv
ory, nutrient cycling, and ecosystem processes (Díaz et al., 2007; Garnier 
et al., 2015). The product of forage quantity and quality – referred to as 
metabolizable energy yield – provides an integrative proxy of forage 
supply (Niemeläinen et al., 2001; Utz et al., 1994). It can not only inform 
grassland management decisions (Ferner et al., 2018; Guuroh et al., 
2018) but also captures grassland multifunctionality by linking plant 
functional strategies to the provisioning ecosystem service of forage 
supply (Blaix et al., 2023; Michaud et al., 2015).

1.2. Hyperspectral measurement of forage quality and quantity

Understanding spatio-temporal patterns in grasslands’ forage pro
vision requires accurate and efficient monitoring of both forage quantity 
and quality (Amputu et al., 2024; Ferner et al., 2015; van Oudtshoorn, 
2016). However, traditional methods of assessing aboveground biomass 
and metabolizable energy – and, by extension, metabolizable energy 
yield – are often expensive and time-consuming, relying on extensive 
fieldwork and laboratory analyses (Ferner et al., 2015). In recent years, 
remote sensing has emerged as a powerful alternative for estimating 
herbaceous biomass and forage quality. A wide range of remote sensing 
technologies, including satellite, airborne, and unmanned aircraft sys
tem imagery, equipped with visible light, multispectral, and hyper
spectral sensors, are now being used to support these assessments 
(Amputu et al., 2023; Lyu et al., 2022; Marino et al., 2024; Oliveira et al., 
2020; Royimani et al., 2022; Wang et al., 2022).

Among the above mentioned technologies, hyperspectral sensing 
shows particular promise for analysing grassland productivity and 
quality (Fernández-Habas et al., 2022; Ferner et al., 2015; Knox et al., 
2010; Knox et al., 2011; Knox et al., 2012; Ningthoujam et al., 2025). It 
can determine the chemical composition of forage, including protein, 
fibre, and mineral content, thus allowing the prediction of metabolizable 
energy (Féret et al., 2021; Fernández-Habas et al., 2022; Ferner et al., 
2015). While methods that are directly addressing the 3D structure of 
grassland canopies, like capturing object heights from overlapping 
airborne or spaceborne images (“structure-from-motion”) or laser based 
sensors (e.g. LiDAR), are gaining importance (Bazzo et al., 2023; Cun
liffe et al., 2016), spectrally measurable proxies for estimating above
ground biomass such as chlorophyll content per area or overall 
photosynthetic activity are commonly used (Mutanga and Skidmore, 
2004). These methods have been successfully applied to various grass
land ecosystems, including South African savanna grasslands (Singh 
et al., 2017), temperate ryegrass canopies (Smith et al., 2019; Smith 
et al., 2020), and Mediterranean grasslands (Fernández-Habas et al., 

2022). Hyperspectral measurements have also been used to predict 
aboveground biomass in Tibetan alpine grassland (Meyer et al., 2017), 
and both forage quality and quantity in West African savanna grasslands 
(Ferner et al., 2018; Ferner et al., 2021). Application thus spans across 
various climate zones, including temperate, humid tropical, and dry 
subtropical regions.

1.3. Prediction models across climate zones

While models for forage quality and quantity cover many regions, 
their transferability across regions with different climate, soil, and 
vegetation is difficult (Schweiger et al., 2015; Yates et al., 2018). The 
challenge for aboveground biomass prediction, on the one hand, is often 
based on capturing the full range of biomass amount or physical satu
ration effects (Wachendorf et al., 2018; Wengert et al., 2022). On the 
other hand, forage quality models are not strictly based on physical 
principles: The compounds affecting forage quality cannot always be 
directly identified in reflectance data (Fernández-Habas et al., 2022; 
Ferner et al., 2015; Liu et al., 2021b). Instead, these models often rely on 
proxies that are not exclusively linked to forage quality but are influ
enced by environmental variables such as temperature, precipitation, 
and soil conditions (Wenger and Olden, 2012; Yates et al., 2018).

On top of the natural variation, local management practices, such as 
the frequency and intensity of grazing and mowing, vary considerably 
within and between regions (Blüthgen et al., 2012; Herzog et al., 2006; 
Vellinga and Andre, 1999). These variations further complicate the reli
ance on proxies in remote sensing models (Liu et al., 2021b). Conse
quently, models trained in a specific region and based on specific proxies 
often fail to account for the complexities of another, introducing biases 
and inaccuracies when applied elsewhere (Chen et al., 1997; Delegido 
et al., 2011; Roy et al., 2014). This raises the critical question whether 
models can be developed to accurately predict forage quality and quantity 
without relying on these proxies. This would enable their application 
across diverse and even unsampled regions, including remote areas.

The choice of modelling approach has a major impact on the accu
racy of predictions from remote sensing data. Neural networks, 
ensemble learning and a range of statistical models employed to predict 
biophysical and biochemical canopy traits. Deep learning methods, such 
as convolutional neural networks, are characterized by capturing com
plex, non-linear relationships in the data, but require large amounts of 
high-quality training data (Bera et al., 2022). Random forest regressions 
are ensemble models in which predictions from multiple decision trees 
are used to fit models, while statistical models such as partial least 
squares regression provide excellent results in situations with noisy data 
and with a high number of predictors relative to the number of obser
vations, as is often the case in hyperspectral remote sensing (Cook and 
Forzani, 2021).

Given the state of research described above, the knowledge gap re
mains as to the transferability and accuracy with which forage quality 
and quantity in grassland can be predicted from hyperspectral mea
surements across climate zones using a single prediction model 
compared to region-specific models. Within this gap, it is also not known 
how different learning algorithms perform in this task and with what 
accuracy they can be applied in different and even unsampled regions.

1.4. Objectives

This study aims to predict forage quantity and quality proxies – 
specifically aboveground biomass (AGB) metabolizable energy content 
(ME) and metabolizable energy yield (MEY) – using hyperspectral can
opy reflectance data from grassland communities across various climatic 
zones. These zones also differ in abiotic environmental conditions, 
vegetation characteristics, and management practices. Specifically, we 
seek to: 
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1. Assess the accuracy of hyperspectral-based prediction models for 
ME, AGB, and MEY across humid tropical, dry subtropical, and 
temperate climate zones to develop a globally applicable model;

2. Compare the performance of different machine learning algorithms, 
including partial least squares regression, random forest regression, 
and convolutional neural networks, for predicting ME, AGB, and 
MEY; and

3. Evaluate the transferability of global models by validating them 
against regional models and assessing their predictive performance 
across different climate zones.

We hypothesize that (H1) spectral data will enable robust predictions 
of forage traits across grassland biomes, particularly for variables asso
ciated with consistently relevant functional plant strategies. Addition
ally, we propose that (H2) integrating complementary regional datasets 
with respect to functional traits of dominant plant species will improve 
the robustness of global models. Through these objectives and hypoth
eses, we aim to advance the understanding of both the potential and 
limitations of global models in predicting ME, AGB, and MEY.

2. Materials & methods

To reach the objectives, we selected study areas across several 
climate zones, while also incorporating regional climate and manage
ment gradients within study areas. By employing standardized protocols 
for hyperspectral measurements, field sampling, and laboratory anal
ysis, we ensured the creation of a harmonized dataset. Based on that, we 
evaluated and compared the performance of different algorithms. Data 
collection spans study sites across three distinct climate zones, sampling 
along steep gradients of land-use intensity to capture substantial varia
tion in abiotic conditions and vegetation characteristics. Model training 
utilized common machine learning algorithms, which were evaluated 
using a three-step test design: (1) assessing the performance of global 
models on the complete dataset, (2) evaluating the application of both 
global and regional models to regional datasets, and (3) testing the 
transferability of a globally trained model to new, unseen regions.

2.1. Study regions

We collected data in three study regions representing distinct 
grassland ecosystems (Fig. 1): A seasonally humid tropical savanna in 

Fig. 1. Location of the seven study areas across three study regions situated in temperate (TEMP; top map), tropical (TROP; central map), and dry subtropical (DRY; 
bottom map) climate. The three inset maps display the aridity index within study regions, calculated using mean annual precipitation and evapotranspiration data 
from the WorldClim 2 dataset, as provided in Version 3 of the Global Aridity Index (Fick and Hijmans, 2017; Zomer et al., 2022). In these maps, study areas are 
marked by purple circles. They encompass steep gradients of local management, from which samples were collected. Map lines delineate study areas and do not 
necessarily depict accepted national boundaries. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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West Africa (hereafter referred to as “TROP”), a dry subtropical thorn
bush savanna in Namibia (“DRY”), and temperate grasslands in Ger
many (“TEMP”) Fig. 1. The West African savanna, classified as Sudano- 
Sahelian, spans northern Burkina Faso to central Ghana. It experiences a 
mean annual temperature (MAT) of 26–28 ◦C and a mean annual pre
cipitation (MAP) of 600–1200 mm, corresponding to an UNEP aridity 
index (AI) from 0.31 (semi-arid) to 0.69 (humid) (Ferner et al., 2018; 
Guuroh et al., 2018). The nutrient-poor soils, primarily Plinthosols and 
Lixisols, develop on acidic metamorphic rocks (FAO, 1989) and have 
sand contents exceeding 80 % (Callo-Concha et al., 2013). The vegeta
tion features a parkland savanna structure with common species such as 
Vitellaria paradoxa (Boffa, 1999). The herbaceous layer of near-natural 
vegetation consists of tall perennial C4 grass species such as Andropo
gon gayanus and Hyparrhenia involucrata (Zerbo et al., 2018), with 
heights up to three meters. Livestock grazing is common, ranging from 
intermediate to high grazing pressures on communal rangelands (Naah 
et al., 2017) to low intensity in protected areas (Xu et al., 2015b).

In Namibia’s dry subtropical climate zone (AI 0.14–0.16), the xeric 
thornbush savanna of East-Central Namibia is located within or at the 
edge of the Greater Waterberg Landscape. The region has a MAT from 20 
to 22 ◦C and a MAP of 350 to 400 mm (Amputu et al., 2023; Atlas of 
Namibia Team, 2022). Soils are predominantly deep, nutrient-poor 
Arenosols derived from Kalahari sands, with sand contents exceeding 
78 % (Zimmer et al., 2024). Vegetation is classified as Tree Savanna and 
Kalahari Woodland types (Giess, 1998). Like in West Africa, the 
medium-high (typically from 0.4 to 1.25 m) herbaceous layer of near- 
natural vegetation consists of perennial C4 grass species; here, scat
tered small tuft grasses such as Stipagrostis uniplumis, Aristida congesta 
and Eragrostis rigidior prevail (Strohbach, 2014). The management 
practices in this area include rotational grazing on freehold farms and 
continuous grazing in communal rangelands, with low, intermediate, 
and high grazing pressures observed (Brinkmann et al., 2023; Zimmer 
et al., 2024).

The temperate grasslands in Germany, part of the German collabo
rative Biodiversity Exploratories project (Fischer et al., 2010), are situ
ated in north-eastern, central, and south-western Germany. The MAT 
ranges from 6.5 to 8 ◦C, while MAP ranges from 500 to 1000 mm. The 
areas are underlain by Pleistocene sediments and calcareous bedrock, 
resulting in various soil types such as Histosols, Luvisols and Gleysols in 
the North-East, Cambisols, Stagnosols and Vertisols in Central Germany 
and Cambisols and Leptosols in the South-West (Fischer et al., 2010). 
Grasslands are typically treeless and dominated by stoloniferous C3 
grasses such as Lolium perenne, Poa pratensis, and Alopecurus pratensis 
with low (typically 0.25 to 1 m) sward heights. Management practices 
include the use as pastures, mown pastures, or meadows. Management 
intensity varies from extensive (less than three cuts or 500 animal unit 
days per year) to intensive (up to five cuts or 2200 animal unit days per 
year) (Lorenzen et al., 2024).

2.2. Data collection

2.2.1. Sampling design
We selected seven study areas across the three climate zones (Fig. 1), 

each characterized by a pronounced gradient from semi-natural to 
intensively managed grassland. In West Africa, sampling was conducted 
in 2012 within three study areas distributed along a regional aridity 
gradient, with a southern zone (aridity index: 0.45–0.63), a central zone 
(aridity index: 0.35–0.44), and a northern zone (aridity index: 
0.23–0.30) (Fick and Hijmans, 2017; Zomer et al., 2022). Each study 
area covered between 10,000 and 20,000 km2, and within these areas, 
sites were selected to reflect a grazing gradient, ranging from protected 
areas with minimal grazing pressure to heavily grazed landscapes 
(Guuroh et al., 2018; Xu et al., 2015a; Xu et al., 2015b). Sampling within 
sites followed a stratified random approach based on topographic po
sition (Ferner et al., 2015). In Namibia, sampling took place in 2021 
within a single study area of approximately 6000 km2. Sixteen sites were 

selected to represent different management systems, with half located 
on freehold farms practising rotational grazing and the other half situ
ated in communal lands with continuous grazing. Within each site, 
sampling followed local grazing gradients, ranging from very high 
grazing pressure near water points to moderate or low grazing pressure 
at maximum distances from water points (Zimmer et al., 2024).

Along these grazing gradients, nine locations were selected following 
a logarithmic distribution with up to three measurement plots per 
location, depending on site availability and shade influence. In Ger
many, three study areas were sampled in the years 2020 and 2021. The 
study areas covered between 1000 and 2000 km2, representing a 
regional climate gradient across north-eastern (aridity index: 
0.59–0.68), central (aridity index: 0.65–0.90) and south-western Ger
many (aridity index: 1.09–1.25). Within these areas, a full range from 
extensive to intensive local grassland management practices was 
sampled (Blüthgen et al., 2012). At each location, three measurements 
were taken (Muro et al., 2022). To account for seasonal variation, 
sampling across all study areas was distributed over the entire growth 
period. Further details on the temporal distribution of sampling events 
are provided in Fig. A1.

2.2.2. Hyperspectral measurements and data processing
We collected a total of 456 hyperspectral measurements from 

grassland canopies across the described study locations (177 measure
ments from Germany, 105 from West Africa, and 174 from Namibia). In 
Germany and West Africa, we used an ASD FieldSpec 3, while in 
Namibia, an ASD FieldSpec 4 Portable Spectroradiometer (ASD Inc., 
Boulder, CO, USA) was employed. All measurements followed a stan
dardized protocol to ensure comparability across regions (Ferner et al., 
2015). Reflectance spectra were recorded in the range of 350 to 2500 nm 
at a height of 1.5 m above ground in Namibia and Germany, and 1.3 m in 
West Africa. These heights corresponded to circular measurement areas 
(instantaneous field of view) of 0.36 m2 and 0.25 m2, respectively, 
which were also the defined measurement area for the respective loca
tions. Measurements were taken from a Nadir perspective around solar 
noon, within a five-hour window in Germany and a six-hour window in 
West Africa and Namibia. Each sample consisted of 20 averaged scans 
per measurement, with five measurements per sample. Calibration was 
performed before each measurement using white reference standards 
(Spectralon® by LabSphere, NorthSutton, NH), pre-calibrated for each 
instrument. Recalibration was conducted regularly to account for at
mospheric variations, and if strong or inconsistent changes were 
detected, the measurement was repeated.

Spectral data processing involved averaging the five replicate mea
surements per sample and applying a Savitzky-Golay-Filter (Savitzky 
and Golay, 1964) to smooth the spectra. To reduce noise, spectral re
gions at the sensor’s upper and lower ranges (350–450 nm, 2350–2500 
nm) as well as those strongly affected by atmospheric water absorption 
(1350–1500 nm, 1790–1990 nm) were excluded (Thenkabail et al., 
2000). Data pre-processing and cleaning were conducted in R (R Core 
Team, 2018), using the “hsdar” package for hyperspectral data organi
zation (Lehnert et al., 2019). The data from Germany are publicly 
available at the Biodiversity Exploratory Information System BExIS.

2.2.3. Field data acquisition and forage assessment
Immediately after spectral measurements, we recorded the median 

height of the grass layer and visually estimated bare soil cover within the 
exact measurement areas (Fig. 2). In Namibia and Germany, median 
height was estimated visually across species for the measured plot, while 
in West Africa, the median was calculated from the measured heights per 
species. Bare soil cover differed markedly across regions, with median 
values of 28 % in the West African tropical savanna, 35 % in the sub
tropical dry savanna of Namibia, and only 2 % in the temperate grass
lands of Germany. Vegetation heights also differed between regions at 
the time of hyperspectral measurements. In the tropical savanna, her
baceous vegetation heights can reach up to 200 cm, but grazing typically 
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favours low-growing plants and limits height, resulting in median plant 
height of just 24.0 cm. In the subtropical savanna, the median height 
was 35.0 cm, while in the temperate grasslands it was estimated at 19.5 
cm.

After recording the spectral measurements, aboveground herbaceous 
biomass was clipped to stubble height. Samples from West Africa and 
Namibia were air-dried and shipped to Germany, while those from 
Germany were directly oven dried. The dry weight of aboveground 
biomass (AGB) per unit area was determined by weighing the samples 
after oven-drying (55–60 ◦C, >48 h). The dried material was then 
ground to 1 mm using a cutting mill for in-vitro gas production analysis. 
Only samples from areas with a vegetation cover exceeding 40 % were 
used for these analyses to enhance the robustness of the prediction 
models, which restricts their applicability for ME and MEY predictions 
to areas with substantial vegetation cover (> 40 %). Accounting for 
measurement errors, losses during in-vitro gas production analysis, and 
sample exclusions based on vegetation cover, the final dataset included 
318 ME measurements (101 from West Africa, 109 from Namibia and 
108 from Germany).

For in vitro-gas production assessment, subsamples were incubated 
for 24 h in a medium containing sheep rumen liquid, following the 
method of Menke and Steingass (1988). Crude protein content was 
measured using two different methods: the Kjeldahl method for samples 
from West Africa and Germany (VDLUFA, 1976) at the Institute for 
Animal Science, University of Bonn, and a EA3100 CHNS-O elemental 
analyser (Eurovector, Pavia, Italy) at the Institute for Biodiversity 
Research/Systematic Botany, University of Potsdam, for the Namibian 
samples. ME, expressed in MJ kg− 1 of dry matter, was then calculated as 
follows (Menke and Steingass, 1988): 

ME ≈ 2.2 + 0.1357*gas + 0.0057*protein + 0.0002859*protein2 (1) 

Where gas represents the in-vitro gas production within 24 h, 
expressed as ml (200 mg dry matter)− 1, and protein denotes the protein 
content in g (kg dry matter)− 1, calculated as the measured nitrogen- 
content multiplied by 6.25.

From the values of ME in MJ kg− 1 of dry matter and AGB in g dry 
matter m− 2, the amount of ME per area was calculated as MEY in MJ 
m− 2: 

MEY =
ME*AGB

1000
(2) 

These three proxies of forage quantity (AGB), forage quality (ME) 

and a combination of both (MEY) were served as prediction targets, 
culminating in a distinct dataset for subsequent analyses of spectral 
canopy reflections across three climatic zones. However, it is imperative 
to acknowledge that variations in data collection timing, measurement 
geometries, and the specific spectroradiometers employed across 
different regions may influence both the analysis and the transferability 
of the resultant predictive models.

2.3. Model setup

We applied three machine learning algorithms to predict forage 
characteristics from spectral measurements: random forest (RF) regres
sion, partial least squares (PLS) regression, and a one-dimensional 
convolutional neural network (cNN) regression. Neural networks such 
as cNN excel at capturing complex, non-linear relationships in data, 
making them particularly effective when dealing with very complex 
datasets (Bera et al., 2022). Their main advantage lies in their ability to 
learn data representations even in case of highly complex patterns 
(Kattenborn et al., 2021). However, they require vast amounts of high- 
quality training data, which limits their application in situations where 
training is based on time and cost intensive field measurements. 
Ensemble learning approaches, such as RF regression, use predictions 
from multiple decision trees to fit models. They are capable of handling 
datasets with mixed data types, noise, and outliers, and can perform well 
with relatively small training samples. PLS regression excels in situa
tions with noisy data and where the number of predictors is high relative 
to the number of observations, as it is often the case in hyperspectral 
remote sensing. Especially some dedicated derivatives of PLS regressions 
are able to deal with non-linearity (Cook and Forzani, 2021) but they are 
not the best choice for highly distorted feature spaces, meaning input 
data with significant alterations or irregularities due to data noise, 
outliers or feature extraction methods. Dealing with feature space 
distortion is a typical use-case for machine learning.

Models of the three forage proxies were developed separately for 
each climatic zone (regional models) and across all zones (global 
models). To ensure normal distribution of residuals in PLS regression, 
ME was log-transformed, while AGB and MEY were transformed using 
the natural logarithm. Predictor creation, selection, and model setup 
were conducted in R (R Core Team, 2018), using the “hsdar” package for 
predictor creation (Lehnert et al., 2019) and the „randomForest” and 
“pls” packages for RF and PLS model development, respectively (Liaw 
and Wiener, 2022).

Fig. 2. Distribution of bare soil cover and vegetation height across the three study regions – West African tropical savannas (TROP; n = 105), Namibian dry sub
tropical savanna (DRY; n = 174), and German temperate grassland (TEMP; n = 177). Study regions differed in bare soil cover (A) and the vegetation height (B) which 
represents the height of the herbaceous vegetation layer. Letters above boxplots indicate the result of a One-way-ANOVA and Tukey test, showing significant dif
ferences in bare soil cover (p < 0.001) and grass height (p < 0.001) across study regions.
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2.3.1. Predictor creation and reduction
The predictor set was mainly based on reflectance spectra, which 

were reduced to a spectral resolution of 10 nm, resulting in 168 pre
dictors. Additionally, the first derivative of the spectra was calculated, 
yielding 153 further predictors, which can enhance spectral information 
extraction compared to absolute reflectance values (Knox et al., 2010). 
Vegetation indices as defined by Obermeier et al. (2019) and absorption 
features derived from segmented continuum hull removal added 170 
more predictors, resulting in a total of 491 predictors. Predictor reduc
tion for RF and PLS models in both regional and global models was 
conducted through a repeated backward elimination process based on 
predictor importance. The optimal predictor sets for both RF and PLS 
models were determined by minimizing mean square error (MSE) in 
repeated 10-fold cross validation, considering different combinations of 
spectra, first derivatives, absorption features, and vegetation indices. 
The first derivative predictor set consistently outperformed other sets 
across all models and were therefore selected, leading to high predictors- 
to-observations ratios of approximately 0.5 for ME and MEY and 0.3 for 
AGB (Table A 1). To maintain comparability and ensure consistency, the 
same predictors were applied to regional and global models, assuming 
that reflectance is linked to individual proxies representing recurring 
mechanisms (Step 2 + 3 in Fig. 3). To avoid blind predictor selection by 
the algorithm, the selected spectral bands were further evaluated con
cerning their biophysical relevance for biomass and yield, pigments, 
protein, and fibre contents, which should be reflected in the ME, AGB 
and MEY predictor sets. The cNN models also utilized the first derivative 
of the 153 spectral bands, as this yielded the best results for AGB and 
MEY, while performance for ME remained unchanged.

2.3.2. Model training and validation
For RF model training, hyperparameters were optimized by setting 

the number of predictors per node to the square root of the total number 
of predictors, while the number of decision trees was varied between 50 
and 500 to determine the optimal structure. PLS regression models were 
trained by optimizing the number of latent vectors. For the cNN models, 
an optimal architecture (three inner layers, 128 nodes, and RMSprop as 
the optimizer) was identified using the Keras Tuner, balancing the three 
study parameters (O’Malley et al., 2019).

Model performance was evaluated through various test designs 
(Fig. 3). Accuracy was assessed for each forage proxy (ME, AGB, and 
MEY) and machine learning algorithm (RF, PLS, and cNN) based on the 
coefficient of determination (R2) and the normalized root mean squares 
error (nRMSE), where normalization was performed using the 
minimum-to-maximum range. The accuracy of each global model was 
validated using 5-fold cross-validation (CV; Step 4 in Fig. 3).

To assess the transferability of a global model to a specific climate 
region, we compared the performance of globally and regionally trained 
models on regional datasets. In contrast to the previous cross-validation, 
regional datasets were split up into training (80 %) and test (20 %) 
subsets (Step 5 in Fig. 3). A new global model was trained on the com
bined regional training datasets and validated against the combined 
regional test dataset. Additionally, three regional models were trained 
on the single regional training datasets. Afterwards, regional test data
sets were predicted using both the corresponding regional models and 
the global model to compare their performance on the unseen test data. 
A direct comparison of global and regional models was made by calcu
lating the difference in nRMSE between them (ΔnRMSE), expressed as: 

ΔnRMSE = nRMSEregional − nRMSEglobal (3) 

A positive ΔnRMSE indicates better precision for the global model, 
while a negative value suggests superior regional model performance.

To assess model transferability, a spatial cross-validation (CV) was 
conducted, where models trained on data from two regions were vali
dated against data from a third region (Step 6 in Fig. 3). This process was 
repeated for all possible combinations of the three regions.

In summary, our test design consisted of three validation stages 

(Fig. 3): (1) Evaluation of models on the complete global dataset, (2) 
applying both globally and regionally trained models to regional data
sets to assess their transferability and comparability, and (3) testing the 
spatial transferability of a globally trained model to new, independent 
regions.

3. Results

3.1. Importance of wavelength regions in modelling

The three machine learning algorithms – random forest (RF), partial 
least squares regression (PLS), and neural networks (cNN) – assigned 
varying degrees of importance to different spectral bands. For predicting 
metabolizable energy content (ME), key areas in the reflectance 

Fig. 3. Calibration and validation setup of forage proxies in six steps. Step 1 
involves dataset compilation across four spatial foci. Single circles represent 
regional datasets from tropical (TROP), dry subtropical (DRY) and temperate 
(TEMP) climate zones, while the three combined circles indicate the global 
dataset used for model calibration and validation. Steps 2 and 3 outline pre
dictor creation and selection, incorporating all spectral bands, their derivatives, 
features, and indices. Predictors are selected based on the global dataset and 
subsequently applied to the regional datasets. Steps 4, 5 and 6 illustrate the 
three validation stages: A test of model performance with the aid of a 5-fold 
cross-validation, a test of global-to-regional transferability via a comparison 
of global and regional model performances using a fixed calibration and test 
data split of 80 and 20 %, respectively, and an evaluation of models’ between- 
region transferability using spatial cross-validation.
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spectrum were associated with specific forage characteristics (Fig. 4D): 
chlorophyll and carotenoids between 450 and 700 nm (pigment area), 
biomass and yield between 700 and 1350 nm (AGB area), which also 
contains important water absorption bands at 900 and 1200 nm, protein 
absorption between 1500 and 1750 nm (protein area), and both proteins 
and fibre influence between 2000 and 2350 nm (fibre & protein area).

The predictor importance for ME models per learning algorithm 
showed quite some differences. The number of selected predictors var
ied across algorithms and forage proxies. The optimal RF model utilized 
30 predictors spanning the visible, near-infrared, and shortwave- 

infrared spectra (Fig. 4B), whereas PLS regressions (Fig. 4C) and cNN 
models (Fig. 4D) used the full spectrum of 153 wavelengths to predict 
ME (Table A 2) resulting also in higher importance values per predictor 
for RF models. These models also exhibited greater variability in pre
dictor importance between regional and global modelling compared to 
PLS models, where predictor importance remained relatively stable 
across models for the three study regions (Fig. 4B & C). In the final RF 
predictor selection using the global dataset, key wavelengths from each 
spectral area were well represented. However, some important wave
lengths or areas for predicting ME were showing higher importance 
across the machine learning algorithms (Fig. 4B-D), focusing on the 
pigment area at 450, 550 and 670 nm, water absorption and AGB areas 
at 760, 850, 970 and 1180 nm, the protein area at 1660 nm and the 
fibre/protein area at approximately 2100 and 2280 nm.

The models for the two other forage proxies, aboveground biomass 
(AGB) and metabolizable energy yield (MEY) were having similar dif
ferences, while backward selection resulted in a higher selection of 
predictors for PLS models (Fig. A2).

3.2. Model performance

The predictive performance of global models varied significantly 
across forage proxies and depended on the machine learning algorithm 
used (Fig. 5). This was assessed by comparing the 5-fold cross-validation 
results (Step 4 in Fig. 3) for ME, AGB, and MEY across the three machine 
learning algorithms. Among the models, RF consistently achieved the 
highest accuracy for all forage proxies, with ME predictions being the 
most robust across algorithms. The RF model for ME exhibited the best 
overall performance, with an nRMSE of 0.108 and an R2 of 0.676 
(Fig. 5A). However, RF models tended to underestimate AGB and MEY at 
higher values (Fig. 5B-C), particularly above approximately 200 g/m2 

and 2.5 MJ kg− 1, respectively. In contrast, neural networks exhibited the 
lowest predictive performance across all three forage proxies (Fig. 5G-I), 
with the lowest accuracy of all models observed for MEY prediction 
(Fig. 5I).

A comparison of combined regional models per forage proxy and 
algorithm (Fig. 6) revealed similar performances when aggregating re
sults across all three climatic regions. However, forage proxy values 
were not evenly distributed among study regions. This was particularly 
evident for ME, which showed higher values in the temperate region 
compared to the tropical and subtropical regions (Fig. 6A, D, G).

3.3. Global-to-regional transferability

To assess the transferability of a global model to a specific climate 
region, we compared the performance of globally and regionally trained 
models on regional datasets. We applied both the globally and regionally 
trained models to an independent test dataset which none of the models 
had encountered during training (Step 5 in Fig. 3).

The resulting predictions were visualized in a combined distribution 
graph, illustrating both overall prediction accuracy (nRMSE) and the 
difference in performance between the global and regional models 
(ΔnRMSE) (Eq. 3 & Fig. 7 A). An overview of ΔnRMSE values across all 
forage proxies, machine learning algorithms, and regions (Fig. 7 B) in
dicates that global and regional models are mostly not different to their 
regional counterparts. For RF and PLS models, the differences between 
global and regional performance were not statistically significant.

There is only a tendency visible that regional models slightly 
outperform global models for their respective region. The most pro
nounced decline in accuracy when using a global model instead of a 
regional one occurred for MEY prediction in the dry subtropical region 
using PLS (ΔnRMSE = − 0.211). However, global models occasionally 
outperformed regional ones, with the highest positive difference 
observed for ME prediction in the tropical region using cNN (ΔnRMSE =
0.083).

Interestingly, global cNN models often achieved higher accuracy 

Fig. 4. Key wavelength areas for predicting metabolizable energy (ME) across 
different machine learning models. The figure illustrates the importance of 
individual wavelengths in the full hyperspectral range of 450–2350 nm (A), 
using the first derivative of canopy reflectance spectra for ME prediction using 
random forest regression (B), partial least squares regression (C), and a one- 
dimensional convolutional neural network (D). The grey line and light grey 
shading in A represent the mean and standard deviation of the raw spectral 
input across all regions. Coloured lines indicate predictor importance for 
regional models, while black lines represent global models. Green dots mark the 
final selected predictors, with green shading indicating their relative impor
tance, where higher greenness intensity reflects greater importance. White la
bels in C denote spectral areas with characteristic absorption features: the 
‘pigment area’ (chlorophyll and carotenoids) below 700 nm, the ‘AGB area’ 
between 700 and 1350 nm, the ‘protein area’ between 1500 nm and 1790 nm, 
and the ‘fibre & protein area’ from 2000 nm onwards. For additional result 
graphs, see Fig. A2. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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than their regional counterparts, with ΔnRMSE values ranging from 
− 0.032 to 0.083, showing significant improvements in the dry sub
tropical region. In contrast, global PLS models tended to almost 
consistently underperform compared to their regional counterparts, 
with ΔnRMSE values ranging from − 0.211 to 0.037.

3.4. Between-region transferability

Spatial cross-validation, in which models were trained with data 
from two climatic regions and validated on data from the third region 
(Step 6 in Fig. 3), revealed significant differences in spatial trans
ferability between the three forage proxies, while differences between 
the three machine learning algorithms were less pronounced (Fig. 8). 
ME models exhibited very limited spatial transferability, with nRMSE 
values ranging from 0.204 to 0.255 and R2 values between 0.000 and 

0.022. In contrast, AGB (nRMSE: 0.235–0.365; R2: 0.001–0.025) and 
MEY (nRMSE: 0.262–0.286; R2: 0.003–0.066) showed a certain degree 
of spatial transferability. However, ME model transfer resulted in sys
tematic biases, with overestimation in the tropical region and underes
timation in the temperate region. Similarly, AGB and MEY models 
tended to overestimate values in the tropical region, as evident from 
distinct point clouds in the validation dataset (Fig. 8), while predictions 
for the dry subtropical region were constantly underestimated.

The choice of training algorithm also influenced model trans
ferability. RF and PLS regression produced distinct point clouds in ME 
analyses (Fig. 8A-F), whereas cNN predictions were more broadly 
distributed (Fig. 8G-I). Despite these differences, the RF model consis
tently performed best in spatial cross-validation across all three forage 
proxies.

Fig. 5. Performance of global prediction models for forage traits using 5-fold cross validation across different machine learning models. Shown are validation results 
for metabolizable energy, aboveground biomass, and metabolizable energy yield using random forest regression (A-C), partial least squares regression (D–F) and a 
one-dimensional convolutional neural network regression (G-I). For a detailed comparison, including all regional and global model results, see Fig. A3.

F.A. Männer et al.                                                                                                                                                                                                                              Ecological Informatics 92 (2025) 103426 

8 



4. Discussion

4.1. Development and evaluation forage prediction models

We developed globally applicable models for predicting grasslands’ 
forage quality and quantity from hyperspectral field measurements. To 
our knowledge, this is the first study to create global models based on 
ground hyperspectral sensing and systematically compare their perfor
mances against regional models. Previous studies tested regional models 
through a spatial cross-validation (Killeen et al., 2024; Meyer et al., 
2019; Muro et al., 2022). Achieving this required a study design with 
extensive standardized measurements and a rigorous validation method. 
To ensure broad applicability, we compiled a dataset from seven study 
areas across three climate zones, covering steep gradients of land-use 
intensity, abiotic conditions, and vegetation characteristics. Moreover, 
our study also covered gradients of seasonality in all study areas, 

allowing us to test the applicability of a global model on a regional 
dataset and compare them to a regionally trained model. Our study 
effectively captured grass species’ functional strategies observable in 
grasslands worldwide (Da Silveira Pontes et al., 2015; Suttie et al., 
2005). Hence, key functional traits influencing spectral reflectance – 
such as leaf structure, canopy architecture, and biochemical composi
tion – are well-represented in the training data. Using standardized 
protocols for field sampling, hyperspectral measurements, and labora
tory analysis, we predicted forage quality (metabolizable energy), 
forage quantity (aboveground biomass), and metabolizable energy yield 
(their combined proxy) from top-of-the-canopy reflectance spectra. We 
systematically evaluated the performance of three machine learning 
algorithms: random forest, partial least squares, and one-dimensional 
convolutional neural network, using a three-step testing scheme: (1) 
evaluating the general performance of globally trained models, (2) 
applying both globally and regionally trained models to regional 

Fig. 6. Performance of combined regional prediction models per forage proxy and algorithm. Shown are the combined 5-fold cross-validation results for three forage 
proxies - metabolizable energy, aboveground biomass, and metabolizable energy yield - using regional models trained separately for tropical (TROP), dry subtropical 
(DRY) and temperate (TEMP) climate zones. Predictions were made using random forest regression (A-C), partial least squares regression (D–F), and a one- 
dimensional convolutional neural network regression (G-I).
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datasets, and (3) testing the transferability of global models to regions 
with different climatic conditions.

4.2. Importance of wavelength regions in modelling

Our models successfully predicted forage quality and quantity across 
several study areas and climate zones. Forage quality was predicted 
more accurately than quantity when using the full spectral range. While 
we expected algorithm-specific variations in predictor selection, all 
models consistently relied on spectral bands in four key wavelength 
regions: 450–670 nm, 700–1350 nm, 1500–1800 nm, and 2000–2350 
nm. This consistency aligns with previous findings on the functional 
significance of these bands: Reflectance in the visible spectrum 
(450–700 nm) is linked to photosynthetic and photoprotective leaf 
pigments, which are associated with metabolizable energy (Biewer 
et al., 2009; Curran, 1989; Pullanagari et al., 2012). Near-infrared 
reflectance (680–1350 nm) is influenced by water absorption and 
photon scattering caused by canopy structural properties, making it 
relevant for both forage quality and quantity estimation (Thenkabail 
et al., 2000; Thenkabail and Lyon, 2012; Zhao et al., 2023). Shortwave 
infrared wavelengths (1500–1800 nm and 2000–2350 nm) is, besides 
water absorption, driven by absorptions from proteins, and fibre com
pounds that are closely related to metabolizable energy (Féret et al., 
2021; Ferner et al., 2015; Thenkabail and Lyon, 2012). However, 
algorithm-specific learning strategies, with every algorithm using idio
syncratic subsets of the specific spectral bands, prevented the 

identification of a universal predictor set applicable across all algo
rithms (Omeer and Deshmukh, 2021; Zhang et al., 2022). This also re
inforces the importance of the entire hyperspectral range of vegetation 
reflectance for predicting both forage quality and quantity (Duranovich 
et al., 2020; Ferner et al., 2015; Ferner et al., 2021).

4.3. Machine learning algorithms and model performance

Among the tested algorithms, random forest consistently out
performed partial least squares regression and one-dimensional neural 
networks in predicting forage proxies (Fig. 5), particularly in global 
models where large training datasets were available. This performance 
advantage likely stems from the algorithm’s adaptability in creating 
decision trees that accommodate complex data structures and high 
predictor-to-observation ratios – approximately 0.5 for metabolizable 
energy and metabolizable energy yield, and 0.3 for aboveground 
biomass (Evans et al., 2011; Qi, 2012). Despite this strong performance 
of random forest regressions, we observed a tendency toward underes
timation, particularly for aboveground biomass and metabolizable en
ergy yield. This may be caused by either a saturation effect or an 
unbalanced data set that favours low values, both of which support the 
reported difficulties of random forest to predict extreme values (Xu 
et al., 2016). While some studies suggested that neural networks might 
struggle with small datasets (Jozdani et al., 2019; Ng et al., 2022; 
Padarian et al., 2019b), shallow (Muro et al., 2022) and deep neural 
networks (Dieste et al., 2024) have been shown to perform well with 

Fig. 7. Performance comparison of globally and regionally trained models on a regional dataset using different algorithms. A: Exemplary comparison of metabo
lizable energy (ME) prediction models: one trained on global data and one on tropical data, both evaluated on an independent tropical test dataset that neither model 
had encountered during training. The comparison metric used is ΔnRMSE, which represents the difference in normalized root mean square error (nRMSE) between 
the globally and regionally trained models (all other comparisons are shown in Fig. A4). B: Summary of all comparisons based on ΔnRMSE for the three regional 
models (tropical, dry subtropical, and temperate) and the three target variables (ME, aboveground biomass [AGB], and metabolizable yield [MEY]). Results are 
shown for the three training algorithms: random forest (RF), partial least squares (PLS), and neural networks (cNN). The significance level of the difference between 
global and regional model estimates, determined using a paired t-test, is indicated at the bottom of each bar (‘***’: p < 0.001; ‘**’: p < 0.01; ‘*’: p ≤ 0.05; ‘n.s.’: p 
> 0.05).
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similar data volumes. On the one hand, one-dimensional neural net
works can capture the proximity properties in sequential data. We thus 
expected them to perform well with hyperspectral data. On the other 
hand, ensemble models have been shown to outperform neural networks 
with tabular data in benchmark datasets (Shwartz-Ziv and Armon, 
2021). However, our one-dimensional neural network models were 
consistently outperformed by random forest and partial least squares 
regression across global (Fig. 5), regional (Fig. 6) and global-to-regional 
(Fig. 7) transfer experiments. This highlights the need for algorithm 
selection on a case-by-case basis, as stated in the “no free lunch” theorem 
(Wolpert and Macready, 1997).

Forage quantity predictions were particularly sensitive to variations 
in foliar pigments (Gitelson et al., 1996; Pinar and Curran, 1996) and 
canopy structure (Näsi et al., 2018; Oliveira et al., 2019; Oliveira et al., 
2020), which limits prediction accuracy, especially in canopies with a 

high biomass density (Fig. 6). In contrast, low aboveground biomass 
estimates in tropical and dry subtropical regions were influenced by bare 
soil reflectance contamination (Fig. 2 A). Similar to the limitations of 
visual cover estimations in assessing plant biomass (Reddersen et al., 
2014), the saturation effect remains an unavoidable constraint of spec
tral observations (Wachendorf et al., 2018). Especially in dense swards, 
as observed in temperate grasslands, additional canopy structural in
formation, e.g., plant height, LiDAR scans or 3D canopy structure, may 
account for vertical density and thus enhance biomass predictions (Näsi 
et al., 2018; Oliveira et al., 2019). Contrary to aboveground biomass, 
metabolizable energy predictions consistently demonstrated high ac
curacy across all algorithms. This is likely due to the strong correlation 
between canopy reflectance in shortwave infrared wavelengths and 
biochemical plant properties linked to metabolizable energy, particu
larly fibre constituents and proteins (Menke and Steingass, 1988; 

Fig. 8. Spatial cross-validation of prediction models for metabolizable energy (ME), aboveground biomass (AGB) and metabolizable energy yield (MEY) across three 
climatic regions. Model performance was evaluated using spatial cross-validation, where quality metrics were derived from the combined validation data of three 
transfer scenarios: “TROP” (models trained on dry subhumid and temperate data, validated on tropical data), “DRY” (trained on temperate and tropical data, 
validated against dry subhumid data), and “TEMP” (trained on dry subhumid and tropical data, validated on temperate data). Predictions were made using random 
forest regression (A-C), partial least squares regression (D–F), and a one-dimensional convolutional neural network regression (G-I).
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Thenkabail et al., 2000). These components are not only key indicators 
of forage quality but are also closely associated with leaf traits such as 
leaf nitrogen content and structural investment. As such, they reflect 
plant functional strategies along gradients of resource acquisition and 
conservation, as conceptualized in the Leaf Economics Spectrum 
(Wright et al., 2004). Because these functional relationships are stable 
across diverse climatic and ecological contexts (Díaz et al., 2016; Gross 
et al., 2024) the underlying spectral signals remain robust (Melesse 
et al., 2013; Menke and Steingass, 1988; Tirfessa and Tolera, 2020), 
supporting the universal applicability of metabolizable energy predic
tion models across different regions or biomes. However, there are 
limitations to the application of these models in areas characterized by 
very low vegetation cover, where the reflectance spectrum is predomi
nantly influenced by bare soil. Consequently, the training dataset for this 
study was restricted to a minimum of 40 % vegetation cover, which in 
turn limits the applicability of metabolizable energy models to sparser 
grassland ecosystems. To address this limitation, spectral unmixing 
methods could be employed to remove the soil signal, leveraging the 
known spectral signatures of specific soil types (Asner and Heidebrecht, 
2002). It is crucial to apply these methods cautiously, as they may 
introduce noise into the datasets. An alternative approach could involve 
utilizing separate models for areas with high and low soil coverage or 
incorporating soil cover as a predictor variable, particularly for partial 
least squares or random forest models. Our global accuracy measures 
also align with published models for the prediction of metabolizable 
energy (0.50 < R2 < 0.83) that were created for specific regional ap
plications (Biewer et al., 2009; Duranovich et al., 2020; Ferner et al., 
2015), reinforcing the feasibility of its global spectral-based estimation. 
More generally, our results are also encouraging for predicting other 
vegetation characteristics from reflectance data with global models, 
particularly if these characteristics are based on universally detectable 
plant traits such as foliar nitrogen concentration (Dehghan-Shoar et al., 
2024) or neutral and acid detergent fibre (Fernández-Habas et al., 
2022). On the other hand, it shows limitations for global prediction of 
structural parameters like aboveground biomass.

Predictions of metabolizable energy consistently demonstrated in
termediate levels of accuracy across all machine learning algorithms. 
This suggests that, when combined, the prediction accuracies of 
metabolizable energy and aboveground biomass tend to converge or 
offset each other. Our findings support our first hypothesis regarding the 
predictability of forage quality but do not support it for biomass or 
combined energy yield. Thus, structural differences among grasslands 
across global regions – such as variation in canopy architecture and 
vegetation density – pose significant challenges to universal spectral 
prediction of biomass-related proxies.

4.4. Global-to-regional transferability

Evaluating the transferability of a global model to a specific region 
provided valuable insights into the feasibility of global prediction 
models. Our results highlight that transferability was strongly influ
enced by the choice of algorithm, whereas the specific forage proxies 
and climatic regions had only minor effects. Comparing globally trained 
models to regionally trained counterparts revealed only minor accuracy 
differences, with regional models tendentially performing slightly better 
in most cases (Fig. 7 B). Algorithm choice also played a crucial role in 
transferability. Globally trained neural networks tended to outperform 
their regionally trained counterparts, whereas partial least squares 
models performed better when trained regionally. Our findings align 
with previous studies where neural networks were found to outperform 
partial least squares or cubist models at high sample numbers, while the 
superiority decreased at smaller sample sizes and local levels (Ng et al., 
2022; Padarian et al., 2019b). On the contrary, some studies have shown 
higher performance of neural networks compared to partial least squares 
models even at lower sample numbers (Kawamura et al., 2021). This 
duality can be attributed to several theoretical factors. First, convolutive 

neural networks typically require large datasets and introduce more 
parameters than the other two algorithms. In smaller regional datasets, 
limited sample sizes may thus lead to underfitting or unstable optimi
zation, reducing performance. (Meng et al., 2022; Padarian et al., 
2019a). Partial least squares regression and random forest models, on 
the other hand, require region-specific training for optimal performance 
(Ng et al., 2022). The hierarchical feature learning of the neural net
works, in combination with regularization through convolutional 
weights, may be able to extract latent spectral features that may be less 
sensitive to local domain shifts, improving transferability across regions. 
In our case, this manifested as lower local accuracy but higher robust
ness when applying globally trained neural networks to new region
s—suggesting that these algorithms may be better suited for tasks 
requiring cross-domain generalization, despite their limitations in small- 
sample settings.

To our knowledge, this is the first study to directly compare different 
modelling algorithms in terms of their ability to transfer prediction 
models from global to regional scales. Our findings demonstrate that 
such comparisons can provide valuable guidance on whether site- 
specific or universal model are more appropriate for predicting forage- 
related variables. However, because no consistent trend emerged in 
favour of either global or regional models across all target variables and 
regions, our second hypothesis cannot be universally confirmed or 
rejected.

4.5. Between-region transferability

Global models exhibited limited transferability to regions excluded 
from the training process. Our study design, which encompasses diverse 
climatic and management gradients, successfully captured a broad 
spectrum of grassland vegetation. While this broad ecological repre
sentation provides a strong foundation for global models, it might 
hamper between-region transferability. Most importantly, the ecological 
variation in our dataset was reduced by one third in this test, as spatial 
cross-validation required the omission of one region for validation. To 
improve model transferability, training datasets for global models 
should ideally include more than three climate regions. As our spatial 
cross-validation demonstrated, capturing a broad ecological variation in 
grass species’ functional strategies across regional datasets can improve 
the robustness of global models but can reduce regional transferability, 
supporting our second hypothesis. In our case, however, the reduction of 
our dataset and thus the ecological variation in our training dataset, 
various biases and effects have become more prominent.

First, the transferability of biomass and energy yield prediction 
models was particularly constrained in the dry subtropical region, where 
values were consistently underestimated. This likely reflects regional 
differences in vertical biomass distribution, plant density, and average 
plant height (Fig. 2). Canopy structure influences spectral signatures by 
altering the proportion of plant material exposed to the sensor’s field of 
view, especially in tall (dry subhumid region) versus short vegetation 
(dry subtropical and temperate region). This effect may have been 
enforced by differences in measurement height across regions – 1.3 m in 
the humid tropics and 1.5 m in the temperate and dry subtropical re
gions. Lower sensor height increases the prominence of upper canopy 
layers, potentially introducing a systematic bias. Such measurement 
inconsistencies underscore the need for standardized field protocols 
across regions (Halbritter et al., 2020). Second, dominant photosyn
thetic pathways may have affected model transferability and general
izability. Reflectance signatures can vary significantly between C3 and 
C4 plants, including grasses (Cushnahan et al., 2024; Shoko et al., 2016). 
In our dataset, C4 grasses dominated the humid tropical and dry sub
tropical sites (Ferner et al., 2018; Menestrey Schwieger et al., 2025), 
while C3 grasses prevailed in temperate grasslands (Meyer et al., 2025), 
suggesting that species composition may further constrain cross- 
regional model transfer. Third, temporal differences in data collection 
may have introduced additional variability. Tropical grassland data 
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were collected in 2012, while the other two regions were sampled in 
2020–2021. However, since the weather conditions are quite different 
between the three regions, even within the same year, the bias of the 
different years might be minor compared to the climatic variations. 
Although a white reference panel was used to calibrate field measure
ments, we recommend an annual lab-based recalibration to further 
minimize the annual effect, as the reflectance of the panels can change 
over time due to changes in the material properties or the measuring 
accuracy of the measuring devices. Fourth, soil reflectance contamina
tion – particularly under sparse vegetation in the dry subtropical 
grassland (Fig. 2a) may have reduced model robustness. As the rela
tionship between soil cover and biomass varies regionally, applying soil- 
adjusted or narrowband vegetation indices (e.g. OSAVI) could improve 
prediction (Amputu et al., 2023; Thenkabail et al., 2000; Vidican et al., 
2023). More advanced solutions, such as spectral unmixing with locally 
acquired soil spectra, may further enhance model generalizability under 
heterogenous environmental conditions.

Using a geographically extensive dataset, our results demonstrated 
the potential of global forage prediction models. Although we developed 
robust machine learning models, especially for forage quality, we found 
no evidence of their spatial transferability to regions outside the training 
set. This limitation was particularly evident in the results from random 
forest and partial least squares models, which produced less variable and 
more consistent point clouds than neural network models. This pattern 
may stem from insufficient domain adaptation, a well-known challenge 
in machine learning models, to which random forest and partial least 
squares algorithms appear more susceptible (Meyer and Pebesma, 2021; 
Muro et al., 2022). Recent domain adaptation techniques offer prom
ising solutions to the challenges of transferability across climate regions. 
For example, the SpectralEarth hyperspectral database based on EnMAP, 
with thousands of globally distributed data points, could be used to 
pretrain foundation models with improved generalization (Braham 
et al., 2025). Additionally, some studies suggest identifying domain- 
invariant features to reduce noise from local variations such as species 
composition, management, soil types, or atmospheric and illumination 
conditions (Xu et al., 2023). However, these features tend to be target- 
variable specific, and currently, no hyperspectral dataset exists with 
sufficient cross-continental coverage and standardized agronomic 
labelling to fully support such approaches in our context. This un
derscores the critical need for future data collection efforts that 
encompass ecological gradients and include consistent pasture quality 
measurements.

Although our prediction method is based on field spectroscopy data, 
it has the potential to replace conventional methods for assessing 
grassland traits (Fernández-Habas et al., 2022; Ferner et al., 2015). In 
the future, the prediction algorithms are meant to be adapted and 
upscaled to airborne or space-based multi- and hyperspectral image data 
from drone cameras and satellite push broom scanners (Ferner et al., 
2021; Oliveira et al., 2024; Sahoo et al., 2024). The application of 
satellite-based hyperspectral data from current and future missions, 
such as EnMAP and the Copernicus Hyperspectral Imaging Mission for 
the Environment (CHIME), presents significant potential (Ghazaryan 
et al., 2024). However, several challenges must be addressed to suc
cessfully upscale these findings to hyperspectral imagery. Key hurdles 
include adapting field sampling protocols to align with the spatial res
olution of the satellites, accounting for the spectral resolution of each 
band in upcoming missions, and addressing issues related to bare soil 
interference. Additionally, the robustness of models must be evaluated 
against region-specific seasonal vegetation dynamics that influence 
predictions of forage quality and quantity. If these challenges are 
overcome, the upscaling to drone or satellite imagery could facilitate the 
derivation of forage quality and biomass metrics for specific grassland 
areas using multi- and hyperspectral data. This information would be 
crucial for grassland managers in optimizing grazing strategies, 
including the timing and stocking density of livestock units. Beyond 
agricultural applications, these insights could enhance nature 

conservation and sustainable grassland management. They would sup
port grassland health monitoring by focusing on vegetation properties, 
such as assessing vegetation condition through models estimating di
gestibility of aboveground biomass as an ecosystem function, measuring 
it as annual net primary productivity, and advancing models for taxo
nomic and functional diversity (Iakunin et al., 2025; Liu et al., 2021a; 
Muro et al., 2022; Pi et al., 2021; Schiefer et al., 2023). Regular spectral 
measurements obtained from spectrometers, drones, or satellite imagery 
could facilitate long-term monitoring of grassland health, serving as a 
valuable decision-making tool for conservation policies and climate 
change monitoring efforts.

5. Conclusions

We developed a novel spectral prediction approach to estimate 
forage quantity and quality proxies across global grassland biomes, 
based on a harmonized dataset capturing broad environmental vari
ability. Using different machine learning algorithms within a three-step 
evaluation framework, we assessed global model performance and 
transferability both within and across regions. Our findings provide 
important insights into the potential and limitations of hyperspectral 
models for forage provision monitoring, highlighting the superior per
formance of random forest models and the consistent accuracy of forage 
quality predictions, likely due to strong correlations of spectral features 
with quality-related plant functional traits. Forage quantity was more 
challenging to predict due to region-specific variations in canopy 
structure and leaf pigment content. While our approach aimed to 
develop fully generalised models, transferability was only feasible when 
models remained flexible enough to account for local variability. The 
implementation of enhanced standardized protocols, alongside adapted 
processing and learning methodologies, may help address these vari
abilities and contribute to the development of more generalizable 
models in future research.

Expanding the exploration of global grasslands with hyperspectral 
remote sensing imagery from new satellite missions combined with 
improved data on forage quality and quantity, could increase model 
accuracy and predictive reliability beyond the current training datasets. 
Future models should also become more mechanistically oriented, 
focusing on causal relationships between grassland characteristics and 
reflectance rather than purely statistical associations. Beyond agricul
tural applications, spectroscopy-based models could significantly 
advance biodiversity conservation and sustainable grassland manage
ment. More accurate and scalable predictions of grassland properties 
would enable improved monitoring and understanding of biodiversity- 
ecosystem service relationships in agroecological landscapes, support
ing more effective conservation strategies and sustainable land use 
worldwide.
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Appendix A. Appendix

A.1. Figure of regional precipitation

Fig. A1. Precipitation data from the 10 years before data collection for each site. Each line ends in the last year, the data were collected, except for Namibia, where 
data were collected in 2021, but no data were available for the last year. The data for Ghana and Burkina-Faso were downloaded from the Climate Change Knowledge 
Portal, where only country specific data were available (World Bank Group, 2021), the Namibian data were downloaded from the SASSCAL WeatherNet Dataset 
(SASSCAL WeatherNet, 2020) and the German data were collected from the BExIS dataset of the Biodiversity Exploratories (BExIS, 2019).
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A.2. Table of all predictor tests

Table A1 
Model qualities for metabolizable energy, biomass, and metabolizable energy yield using random forest (RF) and partial least squares (PLS) regression with different 
sets of input variables. Only relative reflectance, their first derivative, common vegetation indices and absorption characteristics, a combination of feature selection 
and first derivative, a combination of spectra and first derivative and the entire predictor set of spectra, first derivative and selected features were tested as input 
variable sets. The coefficient of determination (R2), root mean square error (RMSE), and normalized RMSE (nRMSE) were calculated as quality parameters. For each 
scenario, hyperparameters such as the number of trees (ntree) for RF and the number of latent vectors (LV) used for PLS are reported along with the final number of 
predictors (Preds) chosen.

Metabolizable Energy (ME) Biomass (AGB) Metabolizable Energy Yield (MEY)

Algo- 
rithm

Spectral 
Input Region R2 RMSE nRMSE

ntree/ 
LV Preds R2 RMSE nRMSE

ntree/ 
LV Preds R2 RMSE nRMSE

ntree/ 
LV Preds

RF

Reflectance spectra

Comb 0.464 1.233 0.133 400 53 0.312 2.008 0.122 400 34 0.225 1.991 0.177 50 168
Trop 0.144 1.258 0.173 400 53 0.348 1.827 0.164 400 34 0.145 1.569 0.145 50 168
Dry 0.422 1.195 0.175 400 53 0.563 1.653 0.088 400 34 0.253 1.463 0.197 50 168
Temp 0.454 1.172 0.155 400 53 0.26 2.018 0.166 400 34 0.408 1.626 0.139 50 168

First derivative of spectra

Comb 0.686 1.165 0.097 500 30 0.598 1.688 0.092 450 35 0.642 1.586 0.119 350 22
Trop 0.466 1.177 0.123 500 30 0.512 1.591 0.126 450 35 0.38 1.506 0.131 350 22
Dry 0.614 1.146 0.134 500 30 0.644 1.557 0.078 450 35 0.441 1.363 0.161 350 22
Temp 0.548 1.17 0.153 500 30 0.525 1.797 0.138 450 35 0.584 1.72 0.155 350 22

Feature selection

Comb 0.636 1.192 0.111 400 46 0.584 1.738 0.097 500 34 0.631 1.635 0.127 400 13
Trop 0.442 1.178 0.123 400 46 0.459 1.602 0.128 500 34 0.278 1.64 0.159 400 13
Dry 0.449 1.176 0.159 400 46 0.629 1.507 0.072 500 34 0.449 1.357 0.158 400 13
Temp 0.575 1.149 0.135 400 46 0.561 1.715 0.128 500 34 0.606 1.699 0.152 400 13

Feature selection & first derivative

Comb 0.693 1.169 0.099 300 27 0.617 1.71 0.094 400 58 0.664 1.588 0.119 500 32
Trop 0.517 1.166 0.116 300 27 0.503 1.584 0.125 400 58 0.391 1.625 0.155 500 32
Dry 0.613 1.182 0.165 300 27 0.659 1.476 0.068 400 58 0.445 1.374 0.165 500 32
Temp 0.545 1.143 0.13 300 27 0.592 1.724 0.129 400 58 0.62 1.731 0.156 500 32

Spectra & first derivative

Comb 0.685 1.177 0.103 450 16 0.598 1.791 0.102 450 49 0.639 1.609 0.123 200 49
Trop 0.43 1.186 0.128 450 16 0.496 1.68 0.141 450 49 0.397 1.518 0.134 200 49
Dry 0.602 1.148 0.135 450 16 0.666 1.489 0.07 450 49 0.456 1.352 0.156 200 49
Temp 0.532 1.147 0.133 450 16 0.535 1.723 0.129 450 49 0.584 1.6 0.135 200 49

All predictors (Spectra, first derivative 
and Feature selection)

Comb 0.691 1.175 0.102 450 23 0.617 1.734 0.096 250 50 0.661 1.603 0.121 450 58
Trop 0.476 1.214 0.146 450 23 0.493 1.56 0.121 250 50 0.391 1.451 0.12 450 58
Dry 0.597 1.147 0.135 450 23 0.647 1.556 0.077 250 50 0.464 1.405 0.176 450 58
Temp 0.567 1.151 0.137 450 23 0.575 1.76 0.134 250 50 0.614 1.425 0.102 450 58

PLS

Reflectance spectra

Comb 0.624 1.198 0.115 9 87 0.528 1.829 0.106 11 135 0.155 2.076 0.188 3 97
Trop 0.564 1.173 0.12 9 87 0.444 1.681 0.141 11 135 0.417 1.555 0.142 3 97
Dry 0.612 1.159 0.145 9 87 0.614 1.634 0.086 11 135 0.412 1.404 0.176 3 97
Temp 0.536 1.158 0.143 9 87 0.53 1.801 0.14 11 135 0.43 1.809 0.17 3 97

First derivative of spectra

Comb 0.669 1.185 0.108 6 153 0.499 1.863 0.109 7 80 0.603 1.65 0.129 6 51
Trop 0.601 1.165 0.115 6 153 0.452 1.675 0.14 7 80 0.344 1.597 0.151 6 51
Dry 0.588 1.164 0.15 6 153 0.554 1.695 0.093 7 80 0.406 1.406 0.177 6 51
Temp 0.456 1.172 0.155 6 153 0.412 1.931 0.156 7 80 0.446 1.794 0.168 6 51

Feature selection

Comb 0.572 1.213 0.122 5 170 0.395 1.981 0.12 3 170 0.371 1.878 0.162 2 170
Trop 0.192 1.243 0.164 5 170 0.381 1.73 0.149 3 170 0.309 1.617 0.155 2 170
Dry 0.467 1.189 0.17 5 170 0.589 1.661 0.089 3 170 0.419 1.401 0.175 2 170
Temp 0.598 1.147 0.133 5 170 0.371 1.975 0.161 3 170 0.485 1.757 0.162 2 170

Feature selection & first derivative

Comb 0.651 1.19 0.111 6 323 0.424 1.948 0.117 4 261 0.562 1.692 0.135 4 323
Trop 0.377 1.21 0.144 6 323 0.517 1.623 0.132 4 261 0.391 1.57 0.145 4 323
Dry 0.591 1.163 0.148 6 323 0.602 1.647 0.087 4 261 0.457 1.385 0.169 4 323
Temp 0.588 1.148 0.135 6 323 0.509 1.825 0.143 4 261 0.563 1.681 0.149 4 323

Spectra & first derivative

Comb 0.664 1.186 0.109 11 109 0.494 1.868 0.11 10 136 0.609 1.643 0.128 9 136
Trop 0.587 1.168 0.117 11 109 0.483 1.65 0.136 10 136 0.362 1.587 0.148 9 136
Dry 0.581 1.166 0.151 11 109 0.599 1.65 0.088 10 136 0.488 1.372 0.164 9 136
Temp 0.653 1.135 0.124 11 109 0.467 1.871 0.148 10 136 0.48 1.76 0.162 9 136

All predictors (Spectra, first derivative 
and Feature selection)

Comb 0.689 1.179 0.105 9 491 0.45 1.919 0.114 5 491 0.59 1.663 0.131 6 491
Trop 0.129 1.253 0.17 9 491 0.518 1.622 0.132 5 491 0.337 1.601 0.151 6 491
Dry 0.614 1.159 0.145 9 491 0.617 1.632 0.086 5 491 0.424 1.399 0.174 6 491
Temp 0.527 1.16 0.144 9 491 0.486 1.85 0.146 5 491 0.495 1.746 0.16 6 491
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A.3. Predictor importance of all used predictors

Table A2 
Relative predictor importances of the selected first derivatives per band. For each forage proxy, a different predictor set was selected for each of the machine learning 
algorithm. The importance measures were extracted from the training output and normalized, if required. Empty fields mean, the first derivative of the band was not 
used as predictor for the prediction model of the respective forage proxy. The results are also visualized in Fig. A2.

Band 
in nm

ME AGB MEY

RF PLS cNN RF PLS cNN RF PLS cNN
450 0.1226 0.0110 0.0108 0.0108 0.0108
460 0.0292 0.0070 0.0068 0.0286 0.0068 0.0348 0.0068
470 0.0053 0.0031 0.0031 0.0031
480 0.0057 0.0042 0.0042 0.0042
490 0.0164 0.0061 0.0088 0.0088 0.0088
500 0.0069 0.0072 0.0072 0.0072
510 0.0056 0.0028 0.0168 0.0028 0.0226 0.0028
520 0.0064 0.0049 0.0114 0.0049 0.0193 0.0049
530 0.0063 0.0203 0.0114 0.0203 0.0147 0.0203
540 0.0032 0.0061 0.0124 0.0061 0.0061
550 0.0212 0.0053 0.0108 0.0084 0.0108 0.0108
560 0.0055 0.0045 0.0042 0.0045 0.0213 0.0045
570 0.0059 0.0013 0.0053 0.0013 0.0207 0.0013
580 0.0064 0.0049 0.0039 0.0049 0.0213 0.0049
590 0.0059 0.0013 0.0055 0.0013 0.0248 0.0013
600 0.0052 0.0030 0.0043 0.0030 0.0215 0.0030
610 0.0056 0.0008 0.0106 0.0008 0.0217 0.0008
620 0.0054 0.0016 0.0134 0.0016 0.0016
630 0.0061 0.0096 0.0096 0.0096
640 0.0057 0.0013 0.0039 0.0013 0.0207 0.0013
650 0.0066 0.0035 0.0242 0.0035 0.0035
660 0.0071 0.0048 0.0227 0.0048 0.0186 0.0048
670 0.0239 0.0097 0.0046 0.0046 0.0046
680 0.0051 0.0178 0.0178 0.0178
690 0.0056 0.0039 0.0114 0.0039 0.0183 0.0039
700 0.0055 0.0022 0.0081 0.0022 0.0138 0.0022
710 0.0054 0.0007 0.0095 0.0007 0.0110 0.0007
720 0.0057 0.0022 0.0096 0.0022 0.0094 0.0022
730 0.0066 0.0032 0.0079 0.0032 0.0062 0.0032
740 0.0079 0.0030 0.0087 0.0030 0.0114 0.0030
750 0.0183 0.0091 0.0015 0.0089 0.0015 0.0160 0.0015
760 0.0229 0.0135 0.0056 0.0092 0.0056 0.0266 0.0056
770 0.0050 0.0021 0.0237 0.0110 0.0021 0.0021
780 0.0171 0.0068 0.0034 0.0034 0.0034
790 0.0066 0.0028 0.0028 0.0028
800 0.0066 0.0047 0.0047 0.0047
810 0.0082 0.0030 0.0211 0.0129 0.0030 0.0134 0.0030
820 0.0332 0.0072 0.0058 0.0058 0.0288 0.0058
830 0.0042 0.0056 0.0232 0.0056 0.0263 0.0056
840 0.0212 0.0058 0.0070 0.0153 0.0070 0.0070
850 0.0063 0.0067 0.0067 0.0067
860 0.0042 0.0087 0.0087 0.0087
870 0.0053 0.0079 0.0079 0.0079
880 0.0058 0.0104 0.0104 0.0104
890 0.0063 0.0076 0.0145 0.0076 0.0096 0.0076
900 0.0031 0.0014 0.0184 0.0014 0.0206 0.0014
910 0.0068 0.0042 0.0079 0.0042 0.0122 0.0042
920 0.0030 0.0041 0.0127 0.0041 0.0182 0.0041
930 0.0086 0.0102 0.0074 0.0102 0.0152 0.0102
940 0.0040 0.0038 0.0190 0.0038 0.0180 0.0038
950 0.0050 0.0031 0.0165 0.0159 0.0031 0.0257 0.0031
960 0.0131 0.0138 0.0075 0.0163 0.0075 0.0499 0.0422 0.0075
970 0.0043 0.0053 0.0111 0.0053 0.0053
980 0.0089 0.0054 0.0100 0.0054 0.0054
990 0.0057 0.0106 0.0106 0.0106

1000 0.0039 0.0094 0.0094 0.0094
1010 0.0043 0.0147 0.0119 0.0147 0.0147
1020 0.0043 0.0009 0.0123 0.0009 0.0009
1030 0.0045 0.0053 0.0092 0.0053 0.0053
1040 0.0059 0.0042 0.0237 0.0042 0.0042
1050 0.0182 0.0059 0.0078 0.0282 0.0078 0.0404 0.0078
1060 0.0062 0.0151 0.0246 0.0151 0.0693 0.0151
1070 0.0048 0.0055 0.0055 0.0055
1080 0.0049 0.0028 0.0028 0.0028
1090 0.0049 0.0044 0.0185 0.0069 0.0044 0.0044
1100 0.0057 0.0015 0.0208 0.0086 0.0015 0.0291 0.0063 0.0015
1110 0.0058 0.0065 0.0190 0.0062 0.0065 0.0068 0.0065
1120 0.0051 0.0040 0.0317 0.0050 0.0040 0.0265 0.0126 0.0040
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1130 0.0067 0.0076 0.0189 0.0119 0.0076 0.0148 0.0076
1140 0.0053 0.0015 0.0059 0.0015 0.0175 0.0015
1150 0.0077 0.0147 0.0809 0.0518 0.0147 0.1148 0.0663 0.0147
1160 0.0082 0.0047 0.0101 0.0047 0.0174 0.0047
1170 0.0166 0.0093 0.0044 0.0138 0.0044 0.0327 0.0044
1180 0.0099 0.0083 0.0321 0.0083 0.0461 0.0083
1190 0.0067 0.0059 0.0175 0.0059 0.0059
1200 0.0055 0.0053 0.0172 0.0053 0.0053
1210 0.0037 0.0205 0.0205 0.0205
1220 0.0033 0.0044 0.0044 0.0044
1230 0.0038 0.0091 0.0263 0.0091 0.0091
1240 0.0035 0.0103 0.0498 0.0103 0.0103
1250 0.0042 0.0086 0.0347 0.0086 0.0413 0.0086
1260 0.0052 0.0098 0.0098 0.0098
1270 0.0140 0.0047 0.0161 0.0161 0.0295 0.0161
1280 0.0049 0.0055 0.0144 0.0055 0.0180 0.0055
1290 0.0050 0.0004 0.0065 0.0004 0.0122 0.0004
1300 0.0052 0.0010 0.0043 0.0010 0.0089 0.0010
1310 0.0052 0.0006 0.0097 0.0006 0.0086 0.0006
1320 0.0054 0.0028 0.0120 0.0028 0.0101 0.0028
1330 0.0057 0.0092 0.0442 0.0092 0.0451 0.0092
1340 0.0055 0.0009 0.0240 0.0009 0.0159 0.0009

1500 0.0078 0.0073 0.0073 0.0073
1510 0.0080 0.0071 0.0071 0.0071
1520 0.0082 0.0019 0.0118 0.0019 0.0019
1530 0.0144 0.0084 0.0016 0.0104 0.0016 0.0016
1540 0.0085 0.0023 0.0089 0.0023 0.0023
1550 0.0169 0.0087 0.0034 0.0093 0.0034 0.0034
1560 0.0178 0.0088 0.0068 0.0101 0.0068 0.0068
1570 0.0196 0.0091 0.0086 0.0136 0.0086 0.0086
1580 0.0185 0.0086 0.0014 0.0014 0.0014
1590 0.0089 0.0036 0.0036 0.0036
1600 0.0091 0.0019 0.0019 0.0019
1610 0.0091 0.0082 0.0082 0.0082
1620 0.0082 0.0054 0.0054 0.0054
1630 0.0083 0.0108 0.0244 0.0108 0.0108
1640 0.0347 0.0107 0.0110 0.0287 0.0110 0.0267 0.0110
1650 0.1468 0.0116 0.0115 0.0539 0.0115 0.0349 0.0115
1660 0.1690 0.0135 0.0121 0.0342 0.0121 0.0422 0.0121
1670 0.0058 0.0037 0.0037 0.0037
1680 0.0160 0.0072 0.0267 0.0267 0.0267
1690 0.0241 0.0102 0.0072 0.0201 0.0072 0.0072
1700 0.0062 0.0089 0.0196 0.0089 0.0089
1710 0.0155 0.0063 0.0051 0.0051 0.0051
1720 0.0055 0.0115 0.0115 0.0115
1730 0.0053 0.0039 0.0414 0.0284 0.0039 0.0607 0.0039
1740 0.0072 0.0094 0.0186 0.0166 0.0094 0.0263 0.0094
1750 0.0059 0.0041 0.0184 0.0041 0.0041
1760 0.0072 0.0038 0.0038 0.0038
1770 0.0069 0.0126 0.0126 0.0126
1780 0.0068 0.0027 0.0027 0.0027
1790 0.0051 0.0045 0.0045 0.0045

2000 0.0057 0.0078 0.0078 0.0078
2010 0.0088 0.0142 0.0999 0.0321 0.0142 0.1081 0.0510 0.0142
2020 0.0071 0.0088 0.0283 0.0088 0.0088
2030 0.0046 0.0049 0.0049 0.0049
2040 0.0051 0.0076 0.0135 0.0076 0.0076
2050 0.0061 0.0106 0.0140 0.0106 0.0226 0.0106
2060 0.0079 0.0049 0.0251 0.0144 0.0049 0.0241 0.0049
2070 0.0093 0.0049 0.0141 0.0049 0.0049
2080 0.0171 0.0098 0.0045 0.0045 0.0045
2090 0.0091 0.0056 0.0056 0.0056
2100 0.0161 0.0135 0.0172 0.0172 0.0172
2110 0.0112 0.0083 0.0083 0.0083
2120 0.0074 0.0086 0.0086 0.0086
2130 0.0066 0.0084 0.0084 0.0084
2140 0.0062 0.0062 0.0062 0.0062
2150 0.0079 0.0175 0.0095 0.0175 0.0175
2160 0.0223 0.0076 0.0060 0.0070 0.0060 0.0060
2170 0.0165 0.0067 0.0072 0.0101 0.0072 0.0072
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2180 0.0061 0.0139 0.0139 0.0139
2190 0.0044 0.0079 0.0079 0.0079
2200 0.0053 0.0068 0.0446 0.0086 0.0068 0.0602 0.0348 0.0068
2210 0.0063 0.0069 0.0171 0.0058 0.0069 0.0394 0.0069
2220 0.0058 0.0035 0.0064 0.0035 0.0585 0.0336 0.0035
2230 0.0072 0.0066 0.0066 0.0066
2240 0.0049 0.0069 0.0248 0.0069 0.0188 0.0069
2250 0.0042 0.0070 0.0143 0.0070 0.0136 0.0070
2260 0.0050 0.0052 0.0121 0.0052 0.0052
2270 0.0049 0.0142 0.0142 0.0142
2280 0.0467 0.0118 0.0095 0.0095 0.0095
2290 0.0085 0.0106 0.0106 0.0106
2300 0.0032 0.0074 0.0074 0.0074

A.4. Predictor selection for all forage proxies

Fig. A2. Importance of single wavelengths (WL) from 450 nm to 2350 nm, using the first derivative of the canopy reflectance spectra, for predicting metabolizable 
energy (ME), aboveground biomass (AGB) and metabolizable energy yield (MEY) across RF regression, PLS regression, and a one-dimensional convolutional neural 
network. The grey line with the light grey shaded area represents the mean and standard deviation of the pure spectra input across all regions. Coloured lines indicate 
the importance of predictors for regional models, while black lines represent the global models. The green dots mark the final selected predictors for the prediction 
models and the green shading represent their relative importance in greenness intensity meaning higher importance. The white labels in the bottom graph name the 
spectral areas, where specific structures absorb in. The pigment area (Chlorophyll and Carotenoids) is located in the shorter wavelength area until 700 nm, the AGB 
area is represented between 700 and 1350 nm, while proteins absorb from 1500 nm upwards and fibre from 2000 nm in the measured spectrum. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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A.5. Figure of 5-fold CV of all forage proxies, regions and algorithms

Fig. A3. 5-fold cross validation results for the regional and global prediction models for metabolizable energy (ME - top), biomass (AGB - middle) and metabolizable 
energy yield (MEY - bottom) using random forest regression, partial least squares regression and a 1-dimensional convolutional neural network.
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A.6. Figure of global-to-regional transfer of all algorithms across forage proxies

Fig. A4. Validation of the global ME, AGB and MEY prediction model in comparison with the respective regional prediction models using 20 % of the regional 
training data which were excluded from the training of both models. The black circles show the observed versus predicted data using the global model and the grey 
stars using the regional model respectively. The quality parameters are shown in the top left and bottom right corners. The trans-climatic column shows the results for 
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the global model only where 20 % of validation data from the tree regions were predicted by the model trained with the combined 80 % training data across the 
three regions.

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ecoinf.2025.103426.

Data availability

This work is partly based on data elaborated by the SeBAS project of 
the Biodiversity Exploratories program (DFG Priority Program 1374). 
The datasets from the German sites are publicly available in the Biodi
versity Exploratories Information System BExIS (Männer, 2022).

The full spectral and laboratory data, including the data from BExIS 
and the used codes were published in the Mendeley Data Repository 
(Männer et al., 2025).

References

Amputu, V., Knox, N., Braun, A., Heshmati, S., Retzlaff, R., Röder, A., Tielbörger, K., 
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Rolo, V., Rubalcaba, J.G., Ruppert, J.C., Sala, O., Salah, A., Sebei, P.J., Stavi, I., 
Stephens, C., Teixido, A.L., Thomas, A.D., Throop, H.L., Tielbörger, K., Travers, S., 
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Näsi, R., Viljanen, N., Oliveira, R., Kaivosoja, J., Niemeläinen, O., Hakala, T., 
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