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Abstract:

Spatial predictions of biomass production and biodiversity at regional scale in grasslands are
critical to evaluate the effects of management practices across environmental gradients. New
generations of remote sensing sensors and machine learning approaches can predict these
grassland characteristics with varying accuracy. However, such studies frequently fail to cover a
sufficiently broad range of environmental conditions, and their prediction models are often case-
specific. To address this gap, we have modelled above-ground biomass and species richness in

150 spatially independent grassland plots of three geographical regions in Germany. These
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regions follow a North-South climate gradient and differ in soil types, topography, elevation,
climatic conditions, historical contexts, and management intensities. The predictors tested in this
study are Sentinel-1 backscatter, Sentinel-2 time series of surface reflectance along with derived
vegetation indices and Rao’s Q, and a set of topoedaphic variables. We compared the
performance of a feed-forward deep neural network (DNN) with a random forest (RF) regression
algorithm. The DNN achieved the best estimations of biomass (r> = 0.45) when trained with
Sentinel-2 surface reflectance only. Moreover, the DNN showed a higher generalizability than RF
during spatial cross-validations (i.e., calibrating and validating in different regions, r?> = 0.38 vs.
0.26). Species richness predictions by both algorithms improved when the full time series of
Sentinel-2 surface reflectance values were used (highest r? = 0.42 achieved by the DNN), but
both performed poorly during spatial cross-validations. Overall, the DNN-based models were
more robust than RF models, showed a lower bias and lower systematic error, and required fewer
inputs. Explainability analysis indicated that red-edge and near infrared information from May and
October was the most relevant to predict species richness. This study presents an important step
forward in generating robust spatially explicit predictions of grassland attributes and biodiversity

variables across large areas, environmental gradients, and phenological stages.

1 Introduction

Grasslands cover one-third of the Earth’s terrestrial surface (Latham J et al., 2014) and 70% of
its agricultural areas (Reynolds et al., 2005). They are the second largest terrestrial carbon sink
(Grace et al., 2006), and host high levels of biodiversity (Petermann and Buzhdygan, 2021). They
also provide other critical ecosystem services, including forage for domesticated and wild
herbivores (Ferner et al., 2018; Zhao et al., 2020), but also influence the availability of vital

resources for other trophic levels, both above and below ground (Hilpold et al., 2018; Le Provost
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et al., 2021; Wehner et al., 2021). Unfortunately, the strength and direction of the biodiversity-
ecosystem function/biodiversity-ecosystem service (BEF/BES) relationship remains poorly
understood (Manning et al., 2019, Pan et al., 2022). Multiple laboratory and small scale field
studies have found that biodiversity, as a regulating ecosystem service, tends to show a negative
correlation with provisioning services such as fodder production (Allan et al., 2015; Felipe-Lucia
et al., 2020; Hilpold et al., 2018), creating a trade-off that has been described as an “efficiency
frontier” (Cavender-Bares et al., 2015). However, other small scale experiments have also found
that plant biodiversity may have positive effects on multiple ecosystem functions and services,
including biomass production (Marquard et al., 2009; Pan et al., 2022; van der Plas, 2019). These
contradictory results (with some studies finding trade-offs between biodiversity and productivity;
and others observing synergies between them) might also be caused by climatic, edaphic,
topographic and historical factors that are known to influence the effects of land management on
the BEF/BES relationship (Bernhardt-Rémermann et al., 2011; Busch et al., 2018; Le Provost et

al., 2021; Muller et al., 2016).

Given the complexity of the BEF/BES relationship, its understanding would greatly benefit from
spatially explicit information both on productivity and on biodiversity. In particular, quantitative
measurements of plant productivity and biodiversity across environmental gradients play a key
role to understand the response of vegetation to the simultaneous effects of disturbances,
management practices, and climate change. Multiple studies have used climatic variables from
global datasets to model primary production and plant diversity (Cavender-Bares et al., 2020;
Randin et al., 2020). However, these models are not applicable at local scales where
management decisions influence directly both, the biodiversity and primary productivity, and their
related ecosystem functions and services (Busch et al., 2018; Hilpold et al., 2018; Le Provost et
al., 2021). Earth observation (EO) offers a unique opportunity to study and express these

relationships spatially, at various spatio-temporal scales, and across seasonal phenological
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cycles. While multispectral images of optical sensors have been successfully used to model
vegetation type (Rapinel et al., 2019), vitality (Reinermann et al., 2019) and phenology (Miao et
al., 2017), Synthetic-Aperture Radar (SAR) systems have been used to capture the spatial

structure of vegetation and soil moisture (Hill et al., 1999; Muro et al., 2020; Wang et al., 2019).

One way to model vegetation attributes with remote sensing is using statistical data-driven
methods, such as machine and deep learning (Ali et al., 2017; Amin et al., 2021; Edirisinghe et
al., 2012; Gara et al., 2019; Hill et al., 1999; Klingler et al., 2020; Magiera et al., 2017; Rossi et
al., 2019; Schwieder et al., 2020). Model accuracies for biomass predictions reported in the form
of coefficient of determination (r?), tend to range between 0.2 and 0.7. Band ratios such as the
enhanced vegetation index (EVI) and normalized difference vegetation index (NDVI) are
commonly used as predictors, even though NDVI typically saturates with high amounts of biomass
(Aklilu Tesfaye and Gessesse Awoke, 2021). Radiative transfer models have also been used to
predict vegetation characteristics with marginally better results when compared to data-driven
approaches (Quan et al., 2017; Verrelst et al., 2019). Hybrid retrieval approaches, in which
machine learning models are calibrated using synthetic data from radiative transfer models, were
shown to be an efficient way of estimating a few quantitative vegetation traits (Ali et al., 2021;

Estévez et al., 2022).

The literature on modeling biodiversity indicators of grasslands with satellite imagery (e.g.,
species richness, Simpson, Shannon or Fisher's alpha indices) is scarcer than for estimating
biophysical attributes (Masenyama et al., 2022). Most studies use NDVI as a proxy for
productivity, which tends to be related to diversity for unmanaged ecosystems (Wang et al., 2005).
Fauvel et al., (2020) predicted Simpson and Shannon indices using Sentinel-1 and -2 bands and
derived products, achieving an r? of 0.4. Similar approaches were conducted by Lopes et al.,
(2017), but low accuracies were reported when attempting to predict biodiversity indicators in

grassland with SPOT (Satellite Pour I'Observation de la Terre) multispectral time series.
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To overcome the difficulty of predicting complex biodiversity indicators with remote sensing, some
researchers opted for different strategies. They used, for example, spectral diversity to predict
taxonomic or functional diversity (Gholizadeh et al., 2019; Rocchini et al., 2017; Wang et al.,
2018). These works are based on the hypothesis that varying plant traits in canopy structure or
phenology will cause variations in the optical signals. Nonetheless, Imran et al., (2021) reported
inconsistent relationships established between biodiversity indicators and remote sensing metrics
across different grasslands in ltaly, suggesting that these relations are ecosystem or site-
dependent. Gholizadeh et al., (2019) obtained statistically significant relationships between
spectral and species diversity for young grassland plots, but no relationship for old grassland plots
containing invasive species. Other authors reported successful predictions of floristic gradients
using ordination techniques (Feilhauer et al., 2011; Muro et al., 2016) or plant traits (Rossi et al.,

2020).

Despite the accurate predictions achieved with machine learning models, we identified three
research gaps that currently limit a wider application of remote sensing in predicting grassland
characteristics. The first gap is a lack of reference data covering a broad range of environmental
conditions. This requirement is often neglected due to challenges in operational implementation
of a systematic and standardized sampling design for heterogeneous and large areas. Thus,
several published biomass or biodiversity prediction models are built on data with limited
variability, (Ali et al., 2021; Fauvel et al., 2020; Gara et al., 2019; Guerini Filho et al., 2020;
Schwieder et al., 2020), limiting the transferability of models to other regions. Note that these are
not methodological flaws, but rather a consequence of sub-optimal calibration and validation data.
In other cases, specific models were established for specific grassland types (Li et al., 2018),
which might be feasible for homogenous areas of natural grasslands, but unfeasible for complex

mosaics of managed grasslands. Other models based on UAV and terrestrial LIDAR data have
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been more successful (Schulze-Brininghoff et al., 2019) but yet site-specific, considerably more

expensive, and of spatially limited aerial coverage.

The second identified gap is neglecting spatial autocorrelation. It occurs when structural
dependencies in the data exist, and training and validation samples are split without guaranteeing
independency from one another, for instance, randomly (Ploton et al., 2020). As a result, the
prediction models suffer from overfitting, which means that their accuracies are overestimated
and do not hold when models are applied to new data (Meyer and Pebesma, 2021; Ploton et al.,
2020). Spatial autocorrelation is still often not addressed in many published studies (Ali et al.,
2021; Dusseux et al., 2022; Gara et al., 2019; Guerini Filho et al., 2020; Li et al., 2018; Meng et
al., 2020; Wang et al., 2018; Zeng et al., 2019), and neglecting it in model cross-validation may
lead to its drastic overestimation, significant model inaccuracy, and major disagreements between
different mapping approaches and between local and global scales (Meyer et al., 2019; Meyer

and Pebesma, 2021; Ploton et al., 2020).

The third research gap is the absence of consensus regarding predictors to model biomass and
biodiversity indicators. The best-performing spectral band combinations for the same biophysical
variables differs across studies (Heiskanen et al., 2013; Mariotto et al., 2013; Rossi et al., 2019;
Verrelst et al., 2019). For instance, Guerini Filho et al., (2020) and Villoslada Pecifia et al., (2021)
reported varying predictors’ importance across grassland sites when predicting biomass. Grigera
et al., (2007) found that the relationship between NDVI and biomass was significantly different
between sown upland pastures and naturalized lowland pastures of South America. Zhou et al.,
(2014) reported that the relationship between vegetation indices and gross primary productivity
of Chinese grasslands varied across latitude, seasons, and drought vs. none-drought years.
Dusseux et al., (2022) generated new spectral combinations to predict pasture height. The use of
spectral Rao’s Q (Rocchini et al., 2017) as predictor of diversity has also been recently questioned

under certain settings (Fassnacht et al., 2022; Pacheco-Labrador et al., 2022).
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The inconsistencies in results across several published studies indicate a potential lack of their
generalization ability (Ali et al., 2017; Heiskanen et al., 2013; Mariotto et al., 2013; Rossi et al.,
2019; Verrelst et al., 2019). Meyer and Pebesma (2022) offer a further discussion about the
limitations of machine learning maps at global and local scales. Recent studies suggest that deep
learning (DL), a subfield of machine learning, might generate more accurate and robust models
(Kattenborn et al., 2021; Yuan et al., 2020) due to their capabilities to process and organize large
amounts of information and to identify higher hierarchical relations between predictors and
response variables. An additional advantage is the unnecessity of feature engineering to
determine appropriate data transformations (Kattenborn et al., 2021). Feature engineering
requires expert knowledge and heuristic decisions, introducing subjective uncertainty and
multicollinearity. Applications of quantitative DL regressions with satellite imagery in grasslands
are scarce. Since most studies focus on cropland classification and yield (Campos-Taberner et
al., 2020; Csillik et al., 2018; Ma et al., 2019; Osco et al., 2020; Zhang et al., 2020), on feature
extraction (Hoeser et al., 2020; Hoeser and Kuenzer, 2020; Smith et al., 2019), or on mowing
events (Lange et al., 2022; Lobert et al., 2021; Schwieder et al., 2022), a comprehensive analysis
of DL capabilities and their interpretability to predict grassland vegetation attributes quantitatively

is still missing.

To address the three identified research gaps in modelling grassland above-ground biomass and
species richness across temperate regions, seasonal phenophases, and management intensities,

we formulated the following research hypotheses:

o DL regressions, trained and applied on satellite imagery, can efficiently predict biomass
and species richness across environmental and management gradients, and
e DL algorithms are more accurate and robust in generalization of their predictability than

more traditional random forest approaches.
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We test our hypotheses by performing (i) a thorough analysis of the performance of random forest
(RF) vs. feed-forward deep neural networks (DNN), (ii) a k-fold cross-validation scheme that
eliminates spatial and temporal training and testing data dependencies, (iii) a spatial cross-
validation to test the generalization capacity of both algorithms, and (iv) an examination of the
spatial applicability of the prediction models. Finally, we present the biomass and species richness

maps for three regions in Germany and discuss their use, potentials, and limitations.

2 Study area

The Biodiversity Exploratories (hereto called ‘exploratories’) are a set of three research regions
stretching across Germany covering a wide range of environmental conditions, characterized by
distinct abiotic and biotic factors (Figure 1). These regions are: The Biosphere Reserve
Schorfheide-Chorin (SCH), Hainich National Park and surroundings (HAI), and the Biosphere
Reserve Schwabische Alb (ALB). All three regions can be categorized as temperate grasslands
favoring species adapted to this vegetation type. However, their species richness is dependent
on the local soil typology and orography, in combination with specific management strategies. For
instance, grasslands with very shallow soil or on steep slopes cannot be managed intensively.
Each exploratory site consists of 50 experimental grassland plots, representing management
practices ranging from intensive to extensive. Some plots are cattle grazed with varying
intensities, some pastures are mown at certain seasonal intervals, others are mulched, rolled or
left unused. In addition, different levels of fertilization are applied. To quantify management levels
in a standardized way, a Land Use Intensity (LUI) index accounting for mowing frequency, grazing
intensity and fertilization input was calculated (Blithgen et al., 2012), and recently upscaled using
neural networks of time series of satellite images (Lange et al., 2022). More detailed information
on plot selection and site information can be found in Fischer et al., (2010) and Socher et al.,

(2013).
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I - Forest
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196

197  Figure 1: Location of the Biodiversity Exploratories and the experimental plots (approximate).
198 Land use maps modified from: Digital Model Landscape ATKIS (BKG, 2020). The pictures on the
199 right side show 3 typical management practices in the exploratories: i) mowing of extensive
200 grasslands in SCH, ii) high intensity grazing in pastures in HAI, and iii) low intensity management

201  of protected grasslands in ALB.

202 3 Methods

203 3.1 Field data

204  Plant species inventories (Bolliger et al., 2021a) and aboveground biomass (Bolliger et al., 2021b)

205 were collected using a standardized sampling protocol from the 150 plots during the time of peak
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standing crop, i.e. in the second half of May from 2017 until 2020, (Figure 2). Aboveground
biomass was clipped in a 2 x 1-meter area at 2 cm stubble height and dried at 80°C for 48 hours
before weighing. Following the ‘peak standing crop’ estimation method, dried biomass
represented aboveground net primary production (Ruppert and Linstadter, 2014). Species
inventories were conducted within a 4 x 4 m area inside each plot. The land use is guaranteed to
be constant within the 50 x 50 m plot, and the biomass and plant inventories collected are
assumed to be representative of the whole plot (Felipe-Lucia et al., 2020; Fischer et al., 2010; Le
Provost et al., 2021). Plots with trees inside or close to their borders were removed from the
analysis, resulting in a grand total of 502 samples (Table 1). The soil type, slope and aspect on
each plot were extracted from the Biodiversity Exploratories Information System (BEXxIS)
(Ostrowski et al., 2018), and climate information was obtained from the climate station (Hansel et
al., 2021). Average and standard deviation of precipitation and temperature vary considerably
across the three exploratories, with Schwabische Alb having the largest difference in climatic
conditions among the three sites (Figure 3). Topographic conditions are also very heterogeneous
within and among exploratories, and the three sites cover a wide range of land use intensities.
Species richness and biomass productivity are also very heterogeneous, with Hainich site having

the highest variability in species richness (Figure 3).

Two additional independent field campaigns were conducted to collect biomass data for validation
purposes in Schwabische Alb and Hainich in June and September 2020 (Table 1). During these
campaigns, a subset of 40 out of the 150 grassland plots were sampled. The selection of these
plots considered the existing range of management intensities and their area covering each
exploratory. The biomass was collected from a 0.6 x 0.6 m area within the investigated quadrat

(Figure 2) and rescaled to g/m?.
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Table 1: Number of valid observations per field campaign and exploratory.

Exploratory

Campaign ALB HAI SCH Total

May 2017-2020 171 179 152 502
June 2020 8 10 - 18

Sep 2020 1" 11 - 22

3
Biomass June-Sep 2020
60 x 60 cm ’

Species inventory
4x4m

Biomass
May 2017-2020
2x1m

Figure 2: Example of a plot and sampling design for species inventories and biomass sampling
carried out in May every year, and in June and September 2020. Background image shows false
color composite of near infra-red, red, and green bands of a UAV image (spatial resolution ~10

cm).

10
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Figure 3: Violin plots showing the differences in biomass productivity, species richness, slope,

land-use intensity (LUI) and climatic conditions of the three exploratories between 2017 and 2020.

3.2 Remote sensing data and preprocessing

Sentinel-1 data was obtained from Google Earth Engine (GEE) by computing the median
backscatter values of both VV and VH polarizations, and their normalized difference index for
May. Results were sampled to 10 m. A description of standardized preprocessing steps of

Sentinel-1 can be found in GEE (2018).

11
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Sentinel-2 images were obtained from the Google cloud storage and processed using the FORCE
software v 3.6.5 (Frantz, 2019). We downloaded all available Sentinel-2 Level 2A images from
eight tiles covering the three exploratory regions in the period 01.01.2017 - 31.12.2020 with less
than 50% cloud cover. Analysis-ready data with 10 m spatial resolution was derived by performing
atmospheric and topographic corrections using the FORCE Level-2 module (Frantz, 2019).
Elevation data was obtained from the Shuttle Radar Topographic Mission (SRTM) 1 Arc-Second
(EROS, 2017). From these data, we created a regular synthetic time series with one image every
14 days using the radial basis function interpolation in the Time Series Analysis module of the
FORCE processor. We set the maximum temporal distance for the moving average filter to 16
days, the Gaussian kernel with three different standard deviations for (i.e., 8,16,32) and a cut-off
value of 0.995 when calculating the weight from the Gaussian distribution. Table 2 shows the

synthetic products generated.

Table 2: Sentinel-2 bands information

Band number Central wavelength (nm) Band width (nm) Name
B2 492.4 66 blue
B3 559.8 36 green
B4 664.6 31 red
B5 704.1 15 Red edge 1 (re1)
B6 740.5 15 Red edge 2 (re2)
B7 782.8 20 Red edge 3 (re3)
B8 832.8 106 Near infrared (nir)
B8a 864.7 21 Near infrared b (nirb)
B11 1613.7 91 Short-wave infrared 1 (swir1)
B12 2202.4 175 Short-wave infrared 2 (swir2)

Due to a higher cloud contamination of winter images and their low relevance for vegetation

studies, only images from April to the end of October were analyzed.

12
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Ten optical vegetation indices were calculated from the synthetic time series at the time of the

field campaigns (Table 3).

These

indices were extracted from the

Index Database

(https://lwww.indexdatabase.de/db/r.php) (Henrich et al., 2012), and are commonly used in the

scientific literature for grasslands, and ensure inclusion of all Sentinel-2 bands (Malenovsky et al.,

2012). The leaf area index (LAI) was computed separately using the Biophysical processor of the

Sentinel Application Platform (SNAP) (Weiss et al., 2020) with images acquired as close as

possible to the sampling campaigns and downloaded from the Copernicus Open Access Hub.

Table 3: Sentinel-2 derived predictors (Henrich et al., 2012).

Index Name Formula Reference
EVI Enhanced vegetation index 25 x (B8 — B4) (Huete et al., 2002)
(B8+6xB4—75«B2)+ 1
NDVI Normalized difference vegetation index B8 — B4 (Tucker, 1979)
B8 + B4
MNDVI  Modified NDVI B8a — B12 (Jurgens, 1997)
B8a + B12
GNDVI  Green NDVI B8 — B3 (Gitelson et al., 1996)
B8 + B3
NDII Normalized difference 819/1600 B8 — B11 (Henrich et al., 2012)
B8 + B11
MIRNIR  Normalized difference mir/nir B12 — B8 (Henrich et al., 2012)
B12 + B8
SAVI Soil adjusted vegetation index - +Bg4 +B;l.428 X (14 0.428) (Huete et al., 2002)
ARVI Atmospherically resistance vegetation B8a — B4 — 0.106 x (B4 — B2) (Kaufman and Tanre,
index B8a + B4 —0.106 x (B4 - B2)  1ggp)
CHLRE Chlorophyll red-edge B7\7! (Gitelson et al., 2006)
(&)
MCARI  Modified chlorophyll absorption (B5 — B4) — 0.2 x (BS — B3) x % (Daughtry, 2000)
reflectance index B4
LAI Leaf Area Index PROSAIL (Weiss et al., 2020)
Q Rao’s Q (Rocchini et al., 2017)

sz Zdijx pi X pj(*)

(*) d;; = pairwise distance between pixels attaining to reflectance values i and j. p; = relative

abundance of pixels attaining to reflect valie i. p; = relative abundance of pixels attaining to

reflectance value j.

13
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The biophysical processor uses eight reflectance bands (B3, B4, B5, B6, B7, B8A, B11, and B12)
together with viewing zenith, solar zenith, and relative azimuth angles in the radiative transfer
models PROSAIL coupled with a LAl-predicting neural network. Rao’s Q (Rocchini et al., 2017)
was calculated for the Sentinel-2 synthetic images closest to the field campaigns usinga 3 x 3
pixels kernel. Rao’s Q accounts for the relative abundance and spectral distances among pixel
reflectance values. It is based on the spectral heterogeneity hypothesis, by which areas with a
high spectral variability (for the same land cover class) would have a high diversity of plant

species. The final list of 178 predictors can be grouped into the 4 following datasets:

e a Sentinel-2 time series of surface reflectance from April to October (16 images/year),
e 10 optical vegetation indices, LAl and Rao’s Q for mid-May (time of sampling campaign),
e median VV and VH backscatter from Sentinel-1 and its normalized difference index for May

e a set of topoedaphic variables (soil type, slope, and aspect).

3.3 Algorithms

We compared the performance of RF (Breiman, 2001), a popular machine learning algorithm,
with a feed-forward DNN, a deep learning network that organizes decision nodes (neurons) in
interconnected layers coupled with a backpropagating feedback mechanism. RF was applied
using the scikit learn package (Pedregosa et al., 2011), while DNN was implemented using
TensorFlow, an infrastructure layer for differentiable programming, and Keras, its interface for

deep learning (TensorFlow Developers, 2021).

3.3.1 Random Forest

RF (Breiman, 2001) is a nonlinear non-parametric regression method. It builds random ensembles
of individual decision trees (forest) that systematically tests different subsets of variables and

observables to make predictions. The value that receives the most votes from all decision trees

14
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will be selected. RF is also resilient to outliers and can handle different data types, but it can fail
to predict extreme values (Xu et al., 2016). We parameterized the algorithm by testing different
combinations with the GridSearchCV function of scikit learn. The number of trees was set to 500,

and the number of splits to 1/3 of the number of predictors, as suggested by Breiman (2001).

3.3.2 Deep Neural Networks

The feedforward DNN (also known as multi-layer perceptron) was implemented using a sequential
model where predictors are passed through a first set of neurons forming the input layer. Each
neuron has its own statistical weight. By multiplying the input number with the weight, one gets
the output of the neuron, which is then transferred to the next layer. While RF has fewer
parameters, the DNN has multiple hyper-parameters (Goodfellow et al., 2016). A global optimal
configuration of DNN hyperparameters was achieved in the optimization framework Keras-tuner
(O’Malley et al., 2019). The user defines the search space, and the model is subsequently run
with different combinations of hyperparameters until it finds the combination that minimizes the
loss function over the training data. The DNN applied in our study consisted of 5 layers: a
normalization layer, an input layer with 64 neurons, three inner layers with 64 neurons each, and
an output layer with a single output neuron (Figure 4). We used a rectified linear unit (ReLU) as
activation function, which is a computationally efficient and simple function for nonlinear
transformations. As the model optimizer we applied an adaptive moment estimation (Adam),
which is an extension of the stochastic gradient descent. Finally, as a loss function (i.e., the
quantity that the model attempts to minimize while learning) we chose the mean absolute error.
To reduce the probability of DNN overfitting, we applied a regularization penalty of L1 to the
hidden layers and an early stopping to the number of epochs (number of times the algorithm

works through the training dataset).
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Figure 4. Workflow and architecture of the feed forward neural network (DNN).

3.4 Machine learning regressions

Spatial and temporal dependencies in training and validation data sets might result in an
overestimation of models’ accuracies (Meyer et al., 2019; Ploton et al., 2020). To account for
dependencies and to identify the extent to which each model was capable of generalizing to new
data, we performed a series of target-oriented analyses: (i) a group k-fold cross-validation, (ii) a
spatial cross-validation across exploratories, (iii) a temporal cross-validation across the
phenological cycle, and (iv) an analysis of the area of applicability (Meyer and Pebesma, 2021).
The performance of the models is compared through coefficient of determination (r?), the root
mean squared error (RMSE) and the relative root mean squared error (RRMSE), computed in

relation to the mean values of the validation dataset. Additionally, we calculated the model-driven
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systematic component of the RMSE, (sRMSE), and its unsystematic data-driven component
(URMSE) (Willmott, 1981). These components offer additional information to that of RMSE and r?
as they allow a more profound assessment of the models. If SRMSE is higher than the uRMSE,
the model is affected by systematic errors and that it will return biased estimations. Conversely,

if the URMSE is higher, the model can be considered optimized (Malenovsky et al., 2013).

3.4.1 Predictor importance

Studying predictor importance with leave-one-out approaches can lead to misinterpretations due
to inevitable multicollinearity of several predictors (e.g., in the time series data). Thus, predictor
importance was evaluated using the SHAP python package, SHapley Additive exPlanations
(Lundberg and Lee, 2017). SHAP computes the Shapely additive contribution values from the
coalitional game theory. The values are driven by correlations between a predictor and a response

variable picked up by the predictive model, but these correlations are not necessarily causal.

3.4.2 K-fold cross-validation

For both algorithms, we performed a group 5-fold cross-validation. Having replicates (i.e.,
observations made in the same plot in consecutive years) we guaranteed independence of
training and validation observations by ensuring that all replicates were either in the validation
dataset or in the training dataset of each fold. The group k-fold cross-validation was iterated 10
times to account for stochastic effects. Additionally, we performed a Moran’s | test (Cliff, A. D and
Ord, J. K, 1981) using the PySAL package (Rey and Anselin, 2007) to confirm the absence of

local and global spatial autocorrelation in the biomass and species richness observations.

3.4.3 Spatial and temporal cross-validation across exploratories

We conducted spatial cross-validation tests in which two exploratories were used for training, and

the remaining exploratory for validation. Additionally, we tested the biomass models on 40
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samples collected independently during June and September 2020 in Hainich and Schwabische
Alb. This was done to test the model predictability during other phenological stages. A temporal
cross-validation for species richness was not possible due to differences sampling area between

campaigns.

3.4.4 Spatial applicability analysis

We calculated the area of applicability for the best performing biomass and species richness
models using the CAST package (Meyer and Pebesma, 2021). The area of applicability is defined
as the area with a distribution of the predictors’ value similar to the one used in the model training.

Thus, it represents the area where the estimated cross-validation performance holds.

4 Results

4.1 Sentinel-2 image processing and pixel statistics

Figure 5a-b shows the original and interpolated time series of Sentinel-2 nir reflectance (band 8a)
for an intensively and an extensively managed plot. FORCE captures well the temporal patterns
of each pixel without over smoothing the time series, although the highest reflectance values can
occasionally be left out. Figure 5c-d illustrates the variability of nir reflectance in pixels
representing the studied plots. The correlogram in panel ¢ shows the median pixel values of each
50 x 50 m study plot (used in our predictions) plotted against the single pixel value of the point
where plant inventories were conducted. Panel d shows the histogram of the standard deviations
of the nir values for all the 50 x 50 m plots sampled. Since the nir reflectance is ranging between
28% and 63% and the standard deviation of 93% of the plots is below 2% (i.e., 5.8% of the
dynamic range), the within plot spectral variability can be considered low. This evidences that the
median reflectance value of 50 x 50 m plots used in our predictive models is sufficiently

representative of the plant inventories. Additionally, using the median value prevents the use of
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375  poor-quality reflectance values due to cloud/shadow contamination. Figure 1 in the Appendix

376  contains the reflectance statistics for the swir1 and green bands of Sentinel-2.
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378  Figure 5. Temporal and spatial distributions of Sentinel-2 near infrared (nir) reflectance in the
379  studied plots. The upper panels show the original (level 2) and interpolated (level 3) nir values for
380 anintensive (a) and an extensive (b) plot across the study period. The lower panels show the nir
381 reflectance statistics for all studied plots. Panel ¢ shows the correlation between median nir values
382  of the 50 x 50 m plots versus the nir reflectance of the single pixel where plant inventories were
383  conducted. Panel d shows the histogram of the nir standard deviations (n = 572) and their median
384  value, illustrating the low spectral variability of the 50 x 50 plots in the nir. Similar analysis can be

385  found in Figure 1 of the Appendix for the green and swir1 bands of Sentinel-2.

386 4.2 K-fold cross-validations

387 4.2.1 K-fold cross-validation: Biomass
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The cross-validation accuracy assessments of the RF and DNN models for different combinations
of predictors are shown in Table 4 and Appendix Figure 2. The highest r?> and lowest RRMSE
were achieved by the DNN model based on the Sentinel-2 surface reflectance bands from May
(time of biomass acquisition). The systematic and unsystematic RMSEs tended to be more even
for DNN models. The sSRMSE component was found to be proportionally higher than the uRMSE

for all RF models, indicating their worse performance due to suboptimal design or training.

Table 4. Accuracy metrics for different combination of predictors used in DNN and RF biomass
models: coefficient of determination (r?), root mean squared error relative to the mean (RRMSE),
and its systematic (sSRMSE) and unsystematic components (URMSE). Each model was iterated
10 times and the resulting variation is given as the standard deviation of each metric. Predictors:
S2-sr are the surface reflectance values for the time of field data acquisition (May), S2-deriv. are
the Sentinel-2 derivatives: 10 vegetation indices and LAI (Table 3). S1 are the predictors derived
from Sentinel-1 and topoedaphic variables, (TE), contain information on slope, aspect, and soil

type. The best result for each metric and combination of predictors is highlighted.

Biomass DNN RF
Predictors sRMSE uRMSE sRMSE uRMSE
r2 RRMSE (g/m?) (g/m?) r2 RRMSE (g/m?) (g/m?)
S2-sr 045 +0.01 047 +0.00 53 04 52 05 0.37 +0.01 049 0.00 61 0.2 48 0.1
S2-sr, S1 044 +0.01 048 +0.05 54 12 52 1.1 0.39 +0.00 049 0.00 61 0.2 40 0.1
S1, TE 0.11 +0.03 064 +0.01 74 1.0 68 +24 0.08 +0.00 0.62 +0.00 84 0.2 49 05
S2-deriv. 0.39 +0.01 050 +0.08 60 0.7 51 0.7 0.39 +0.00 049 0.00 59 02 50 0.1
S2-sr, TE. 0.34 +0.02 052 +0.06 56 +0.7 59 1.7 0.38 +0.00 049 +0.03 61 +0.1 48 0.2
Full set 0.34 +0.02 053 +0.01 55 +1.0 64 +24 042 +0.00 047 +0.00 58 +0.2 47 0.2

While both algorithms achieved comparable r? values for the same set of predictors, RF tended
to slightly overestimate predictions of lower biomass values (Figure 6). Additionally, both types of

models underestimated a few plots of abnormally high amounts of biomass.
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Figure 6. One-to-one density plots of predicted vs. in-situ measured values for the best performing
biomass models with DNN (S2_sr) and RF (Full set). Scatterplots show the accumulated results

of 5 folds.

4.2.2 K-fold cross-validation: Species richness

The species richness models were tested using the same groups of predictors that were used for
the biomass models, with the addition of the time series of surface reflectance values. Although
performance of RF improved with the addition of more predictors, it produced estimates with lower
accuracies than DNN (Table 5, Appendix Figure 3). RF achieved the highest r> and lowest
RRMSE when using the time series of Sentinel-2 and the topoedaphic variables. However, its
predictions suffered from systematic overestimations of low values and underestimations of high
values (Figure 7). This is supported by sRMSE being 1/3 higher than uRMSE. Contrary to this,

sRMSE was slightly higher than half of the uRMSE for the best performing DNN model (Table 5).

Table 5. Accuracy metrics for different combination of predictors used in DNN and RF models of
species richness: coefficient of determination (r?), root mean squared error relative to the mean
(RRMSE), and its systematic (SRMSE) and unsystematic components (URMSE). Each model was
iterated 10 times, and the resulting variation is expressed as standard deviation of each accuracy

metric. Predictors: S2-sr is the Sentinel-2 surface reflectance for the time of field data acquisition
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(May). S2-deriv. are the Sentinel-2 derivatives: 10 vegetation indices, LAl and Rao’s Q (Table 3).

S2_ts is the time series of Sentinel-2 surface reflectance from April to October, and S1 are the

Sentinel-1 derived predictors. Topoedaphic variables (TE) contain information on slope, aspect

and soil type. The best result for each metric and combination of predictors are highlighted.

Spp. rich. DNN RF
Predictors
r2 rRMSE sRMSE uRMSE r2 rRMSE sRMSE uRMSE
S2-ts 042 +0.01 026 000 42 =02 75 02 038 $0.02 027 000 7.1 001 44 +0.02
S2-ts, S1 0.41 001 028 001 45 01 73 0.2 040 $0.02 027 007 7.1 +0.02 48 +0.02
S2-ts, TE. 0.39 001 029 005 45 02 7.8 0.1 040 001 026 +0.00 66 +0.01 46 +0.01
S1, S2-sr, S2-deriv, TE 028  #0.02 0.31 #0.01 6.1 #01 7.2 0.2 0.34 001 029 #0.06 69 #0.01 52 +0.01
S2-ts, S1, TE 041 +0.08 028 000 43 02 75 02 040 +0.01 026 000 6.6 002 45 +0.02
Full set 0.41 001 028 000 44 01 75 0.2 041 002 026 005 63 002 46 +0.02
2
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Figure 7. One-to-one density plots of predicted vs.

In situ species richness

in-situ measured values for the best performing

DNN (S2_ts) and RF (Full set) species richness models. Scatterplots show the accumulated

results of 5 folds.

4.3 Spatial and temporal cross-validations

4.3.1 Spatial and temporal cross-validation: Biomass

To test the transferability of the models to independent input datasets, we performed a spatial

cross-validation where we used two exploratories for training, and the third for validation (Figure
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8). RF produced overall higher RRMSE and lower or equal r? values, even when using the same
set of predictors as DNN (Figure 8 c, d). The RF and DNN models were additionally validated
against 40 independent data points collected in June and September in Hainich and Schwabische
Alb exploratories. Accuracies achieved for both models were comparable to previous tests (r? =

0.46), except for five plots with large amounts of dry biomass measured during June (Figure 9).

W RRMSE RF " RRMSE DNN = r2 RF = r2 DNN
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Figure 8: RRMSE (a, c) and r? (b, d) of the RF and DNN biomass models respectively for the three
possible spatial cross-validations. Two exploratories are used for training, and the third one for
validation. The total number of samples was 502 (ALB: n = 171, HAl: n = 179, SCH: n = 152).
Panes ‘a’ and ‘b’ display results for the best predictors for each model (see Table 4), whereas
pane ‘¢’ and ‘d’ show results for the Sentinel-2 surface reflectance values acquired in May (the
best predictors for the DNN model). All correlations between predicted and measured data were

found to be statistically significant (p < 0.001).
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Figure 9: One-to-one relationship between in-situ measured and DNN predicted amount of

biomass for independent samples collected during campaigns in June and September (r? = 0.46).
4.3.2 Spatial cross validation: Species richness

Regardless of achieved RRMSE results, both types of algorithms returned quite low r? values for
predicting the species richness with different combinations of training and validation regions,

which indicates a lack of generalization capacity of both models, (Figure 10).

mr2 RF =r2 DNN

m RRMSE RF RRMSE DNN
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Figure 10: RRMSE (left) and r? (right) of RF and DNN species richness models for the three
possible spatial cross-validation combinations. Two exploratories are used for training and the
third one for validation (i.e., training+training/validation). The time series of Sentinel-2 surface

reflectance values were used as predictors in all cases.

4.4 Predictor importance
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4.4.1 Predictor importance: Biomass

In both, RF and DNN models, chlorophyll indices MCARI (based on red-edge1, green and red)
and CHLRE (based on red-edge1 and 3), and red-edge1 yielded the largest contributions,
followed by nir and red-edge2, although with high variability across folds (Figure 11). The
frequently used NDVI, EVI and LAI contributed far less to the model. VH showed a higher
contribution than VV or their normalized difference index, but still rather low. When analyzing the
importance of the Sentinel-2 surface reflectance data for May, the bands with the highest score

were red-edge1 and 3, and the lowest scores were for swir2, green, and red bands.
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Figure 11. Shap values of the biomass models. Upper chart shows the shap values when all
predictors are considered. Lower chart shows the shap values when only the Sentinel-2 bands

are considered (the best model). Error bars show standard deviation across folds.
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473 4.4.2 Predictor importance: Species richness

474  The importance of all Sentinel-2 bands between April and October of each year was analyzed.
475  Figure 12 shows the shap values aggregated temporarily (14 days’ time steps) and per band.
476 Interestingly, red-edge3 had the lowest value, while the other two red-edge bands had the highest,
477  yetwith a high variability across folds. The importance of the different predictors across time steps

478  was quite consistent, except two peaks appearing at the beginning of May and end of October.
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481  chart) and by 14-days’ time step (lower chart). Error bars show standard deviation across folds.

482 4.5 Spatial applicability analysis

483 The best models for biomass estimation (i.e., DNN based on Sentinel-2 surface reflectance for
484  May) and species richness predictions (i.e., DNN based on Sentinel-2 time series of surface
485 reflectance) were used to study their spatial applicability. The results indicated that the cross-

486 validation holds for the vast majority of areas classified as grasslands by the Digital Model
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Landscape (BKG, 2020) (see Appendix Figures 4 and 5). Figure 13 and Figure 14 show subsets
of the biomass and species richness predictions where the models were applicable. Predictions
were very similar across the four investigated years and biomass and species richness estimates

were spatially negatively correlated (Pearson correlation coefficient of -0.35).

For different levels of LUl at the Alb exploratory, we also produced temporal estimations of

standing biomass throughout the study period (Figure 15). Plots of low and medium LUI (LUI £ 2)

displayed overall higher levels of biomass across each year, whereas plots with LUl > 2 displayed
lower mean biomass levels per year protruded by more frequent local peaks. The plots
responsible for peak values across the season tend to be the same, suggesting that these
predictions are product of management practices, even though some are located outside of

common seasonal peaks (May/June).
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Figure 13: Predictions of biomass for subsets of the three exploratories in May 2020. Backdrop:

greyscale of Sentinel-2 blue band reflectance.
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50

503

504  Figure 14: Predictions of species richness per 4 x 4 m ground spatial sampling units for subsets

505 of the three exploratories for May 2020. Backdrop: greyscale of Sentinel-2 blue band reflectance.
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Figure 15. Temporal predictions of standing biomass for all plots at
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the Schwabische Alb

exploratory, divided into three LUI classes: LUI: LUI<1, 1<LUI<2, and LUI>2). The average

amounts of biomass per year are given by X (black lines). The last chart shows the average values

for the three LUI classes. The shaded area indicates the upper 5% of biomass values recorded

in the field. Plot numbers with abnormally high amounts of predicted biomass are indicated in the

chart.
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5 Discussion

The following three limitations in remote-sensing based modelling of grassland characteristics are
common across the literature: an insufficient (too narrow) variability of the reference data, spatio-
temporal dependencies in the reference data, (Meyer et al., 2019; Ploton et al., 2020) and an
inconsistency of remote sensing predictors across studies (Verrelst et al., 2019). This study
addresses all these issues explicitly, producing thoroughly validated and robust models with
unbiased accuracy estimates. Using field data from 150 plots in the exploratories (Bolliger et al.,
2021b, 2021a) according to a systematic and unified experimental setup, we have ensured that
our prediction models cover a wide array of topoedaphic, climatic, and management conditions
found in Germany (Fischer et al., 2010) and are free from spatiotemporal dependencies. We
achieved accuracies that are comparable to other studies (Aneece et al., 2017; Bae et al., 2019;
Fauvel et al., 2020; Imran et al., 2021; Lopes et al., 2017; Peng et al., 2019; Wang et al., 2018),
while limiting the number of model predictors and correlation amongst them. Considering the fact
that maps of, for instance, soil type are not generally available at sufficient accuracy, restricting
the predictors to only Sentinel-2 surface reflectance complies with the principle of parsimony, and

facilitates more operational production of comparable spatial estimates.

5.1 Biomass

Band-based spectral indices such as EVI and NDVI are often used to calculate aboveground
biomass and crop yield (Edirisinghe et al., 2012; Griner et al., 2020; Guerini Filho et al., 2020;
Zhou et al., 2014), but in our analysis they were outperformed by the chlorophyll based indices
(MCARI and CHLRE) (Table 4). CHLRE has been found to have a strong relationship with primary
productivity and be sensitive to variations of canopy chlorophyll content (Muramatsu, 2019).
Despite both algorithms performed well with the band ratios, their selection and computation

require expert knowledge and heuristic decisions. This can potentially introduce subjective
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uncertainty, hindering the interpretation of predictor’s importance analysis. The best results were
achieved with the DNN model using the 10 surface reflectance bands of Sentinel-2. Although the
best RF model achieved similar accuracies and error distribution (Figure 6), it required a larger
number of predictors and produced estimates with a high sRMSE due to systematically

overestimated low biomass amounts (Table 4 & Figure 6).

Sentinel-1 based predictors performed poorly, even when combined with topographic information
that was expected to compensate for spatial geometric distortions (Table 4). It has been argued
that the integration of optical and SAR datasets improves prediction capacities through
complementing each other, and reducing negative influences of soil background and weather
conditions. Naidoo et al., (2019) reported that a combination of Sentinel-1 and -2 information
yielded better predictions of biomass in wetlands. In their case, however, incorporation of SAR
data might have provided information capturing differences in wetlands’ water dynamics (Muro et
al., 2020, 2019) rather than changes in biomass cumulation. Wang et al., (2019) also reported
successful predictions of above-ground biomass in pastures from Sentinel-1 data, but their study
covered only a limited range of environmental conditions (i.e., flat areas with a single soil type).
In our study, the fusion of optical and SAR data did not represent a major improvement with

respect to the use of optical data.

DNN achieved better results in the spatial cross-validation due to better generalization capabilities
(Figure 8) (Kattenborn et al., 2021; Yuan et al., 2020). For both algorithms, r? coefficients were
especially low when Schorfheide was used as the validation region. Environmental conditions and
land management in Schorfheide are quite different from the other two regions, specifically, local
soils have a high organic content (Busch et al., 2018), grass growth is occasionally boosted by
mulching, and pastures are rolled over rather than mown. Since the sensor cannot detect the
biomass tucked under the dense upper layers, all predictive models underestimated seven

observations with abnormally high biomass (Figure 6). The same phenomenon is also observed
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during the temporal validation (Figure 9), where predictions in five plots with exceptional large
amounts of accumulated senescent biomass (300-400 g/m?) were underestimated. Note that the
upper limit of the biomass collected at the exploratories every year is around 350 g/m? (Figure 3).
Apart from these underestimations, the temporal validation suggests that the models are

applicable across phenophases (r? = 0.46, Figure 9).

Biomass predictions across the season at Schwabische Alb (Figure 15) revealed that low LUI
plots had, in general, higher amounts of biomass within each year, and especially during
September and October. High LUI plots displayed less biomass per year but more frequent
biomass peaks. The occurrence of such biomass peaks is consistent across plots and appeared
around the same seasonal phenophases of investigated years. This suggests that they are not
prediction errors but rather results of management practices. Predictions of biomass amounts
across the season have important implications for the ecology of studied grassland ecosystems,
as they show the availability of forage and habitat for other organisms, and their dependencies

on land management practices.

5.2 Species richness

Our achieved r? coefficients (Figure 7) are comparable to other similar studies that used
multispectral imagery to predict either species richness or other biodiversity indicators, such as
Simpson or Shannon indices (e.g., r?> = 0.45 in Fauvel et al. (2020) and r> = 0.2 in Lopes et al.
(2017)). As a reference point, other studies using imaging spectroscopy (i.e. hyperspectral data),
achieved r? coefficients between 0.4-0.5 (Aneece et al., 2017; Imran et al., 2021; Peng et al.,

2019; Wang et al., 2018).

DNN and RF showed similar RMSE and r? coefficients. However, similarly to the biomass case,
RF sRMSE was higher, predictive models required more inputs (Table 5), and they were prone

to underestimate high values and overestimate low values (Figure 7 and Appendix Figure 3). DNN
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predictions showed more stability as the errors were evenly distributed throughout their dynamic
range of values. Underestimations at species rich areas and overestimations at species poor
areas renders impractical the application of machine learning models for biodiversity conservation
and land-sharing/land-sparing strategies. Thus, it is essential to paid attention to the distribution

of the errors besides reporting on r> and RMSE.

Besides the information provided by the predictions, interpretability analyses allow us to find the
rationale behind the predictions and provide meaningful connections to ecological theories and
mechanisms. For instance, Wolanin et al., (2020) inferred what combinations of climatic patterns
were associated with higher yield, and Campos-Taberner et al., (2020) found that imagery from
August was most relevant to identify different types of croplands using multitemporal satellite
imagery. Our temporal analysis of the shap values showed two peaks in predictor importance
(Figure 12); May (time of field data acquisition) and October. The importance of other of dates
varied across folds. This suggests that the model learns from patterns occurring at specific
phenophases, such as flowering and senescence, or land use practices during in May and
October. It is has been shown that land use intensity in the exploratories strongly influences
biodiversity (Felipe-Lucia et al., 2020; Socher et al., 2013). Nevertheless, more research is
required to investigate to what extent management practices during these two particular months

could have a more relevant effect in biodiversity.

The spectral variation hypothesis has been suggested as a suitable biodiversity indicator since it
does not require training data. It has been used in several studies (Rocchini et al., 2021, 2019,
2017) but recently also questioned by other researches (Fassnacht et al., 2022). Results of this
study and our previous research in forests (Hoffmann et al., 2022) do not support validity of the
spectral variation hypothesis. The inclusion of spectral Rao’s Q as predictor did not improve the
species richness models (Table 5). Additionally, we found no linear correlation (r> < 0.01) between

spectral Rao’S Q and species richness nor with of Rao’s Q species diversity index (Rao, 1982).
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The low performance of spectral Rao’s Q as predictor of species richness might be due to spatial
scale issues (Khare et al., 2019), especially taking into account the relative spectral homogeneity
of the studied plots across the Sentinel-2 bands (Figure 5d and Appendix Figure 1). Higher
resolution sensors might yield better results (Pacheco-Labrador et al., 2022). Nonetheless, our
results support the call of Fassnacht et al., (2022) for further increasing the research examining

the key drivers of the spectral variation hypothesis.

The transferability of species richness models trained with data from two exploratories and tested
on the third one was limited (spatial cross-validation, Figure 10). This is product of a classical
problem of domain adaptation in machine learning, where the feature space of the test and
training data differ significantly. One possible solution was presented by Meyer and Pebesma
(2021), who used the feature space of the training data and the weights assigned by the model
to each predictor to estimate the area where the accuracies of the model would hold, a.k.a., the
area of applicability. Our results of this approach revealed that the species richness model is valid
for a vast majority of grasslands around the exploratories (Appendix Figure 5). This highlights the
importance of models being trained with heterogenous datasets that cover a wide range of
environmental and management conditions. Finally, species richness predictions should consider
the mismatch between remote sensing image pixel size and field sampling area (Ferner et al.,
2021). One possibility is rescaling the number of species from 4 x 4 m quadrats to the 10 m pixel-
size via a non-linear transformation using species-area models. This may introduce extra
uncertainties without providing additional relevant information. However, if species-area
relationships per community are known, the output models can be used to calculate the effective
number of species per management unit. By keeping the scale constant (g/m? or species per 4 x
4 m), as in our case, the observation scale, modelling scale, and operational scale remain

consistent (Wu and Li, 2009). Although the field data was not collected with remote sensing

35



636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

Submitted to Remote Sensing of Environment

applications in mind (as it often happens in ecology experiments), the validation results indicate

the suitability of our approach.

5.3 Potentials and limitations

Plant species diversity of managed grasslands varies in both space and time, as it depends on i)
relatively stable abiotic environmental conditions (such as climate, topography and soil texture),
ii) more variable abiotic conditions (such as weather and precipitation patterns) and iii) land-use
activities. Our dataset comprised spatial gradients of all these environmental conditions, similarly
to previous gradient studies (Ahlborn et al., 2020; Ferner et al., 2018; Guuroh et al., 2018; Lange
et al., 2022; Schwieder et al., 2022). As with other datasets used in remote sensing studies (Bae
et al., 2019; Hoffmann et al., 2022), our field information was acquired without considering remote
sensing requirements, specifically, not matching field and pixel sampling sizes. The results in
Figure 5¢c-d and Appendix Figure 1 show that the median reflectance of the 25 pixels of Sentinel-
2 covering each plot is spectrally representative of the single pixel containing the 4 x 4 m inventory
plot. Calibrating and validating the machine learning models with the plot median reflectance
reduces the risk of including in our analysis poorly radiometrically, atmospherically or

geographically preprocessed pixels.

Numerous comparative studies report on the accuracies achieved by a broad variety of machine
and deep learning models (RF, support vector machines, Gaussian processes, k-nearest
neighbors) (Campos-Taberner et al., 2020; Fauvel et al., 2020; Osco et al., 2020; Wolanin et al.,
2020). However, the vast majority of them report only on r? coefficients and RMSE. Calculating
the RMSE systematic and unsystematic components provides a better comparison between
models by determining whether the error stems from various uncertainties in the data (e.g. time-

lag between satellite and field observations, fast changing atmospheric conditions, poor pixel
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interpolation, instrumental errors, sampled biomass and species not being representative in highly

heterogenous plots) or from the model itself (e.g. model overtraining).

The use of spatial cross-validation in cases where data is not spatially clustered has been
questioned by Wadoux et al., (2021). Despite the fact that neither species richness nor biomass
were spatially autocorrelated (Appendix Table 1), we tested our prediction models in target-
oriented schemes, where one whole region (in our case, an exploratory) was left out. The obtained
low accuracies are result of a poor domain adaptation between exploratories, and show the
importance of calibrating predictive models with data representing in full the existing spatial
heterogeneity. Although species pools were similar in size across regions, strong regional
differences in plant diversity were found at the plot level (Socher et al., 2013), which resulted in
very different types of spectral-temporal profiles for each exploratory. DNN, as well as RF, must
learn from the spectral-temporal patterns of the three exploratories to make reliable predictions.
Thus, our spatial cross-validation should not be seen as an accuracy measure of our models’
predictions, but rather as a stress-test of the generalization capacity of both models. The final
accuracies are given by the 5-fold cross validation, where models are calibrated for the conditions

of the three exploratories.

Following up studies focused on modelling the provision of ecosystem services with land-use
practices under varying environmental conditions (Busch et al., 2018; Le Provost et al., 2021), we
demonstrated the benefits to model their biodiversity and productivity across both space and time
to understand their interactions at landscape level. For instance, Figure 13 and Figure 14 show
how biomass and species richness vary across the landscape, and Figure 15 reveals differences
in standing biomass for different LUl within several growing seasons. Remote sensing based
estimations of standing biomass within the growing season might yield better estimations of
aboveground net primary production than the ‘peak standing crop’ estimation method (Ruppert

and Linstadter, 2014), and subsequently, contribute further to the better causal understanding of
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the BES/BEF relationships. Although heavily fertilized plots produce higher amounts of total
biomass per season, they also display lower yearly mean amounts of standing biomass (Figure
15), which has consequences in food, dispersal and habitat availability for multiple organisms
such as insects. According to the outcomes of our study, the permanently monitored grasslands
of the exploratories could be used as training sites for operational mapping of biomass and
species richness across gradients, sites, and phenological cycles in Central Europe. Cross-region
biomass monitoring could serve as a quantitative alert system to match forage demand with its
availability, especially in cases of a high climatic variability and extreme events like droughts
(Grigera et al., 2007). Similarly, regular spatial information on biodiversity would allow, for
instance, to determining spill-over rates of dispersing organisms from nearby rich habitats that is
required to maintain species populations at regional scale (Le Provost et al., 2021). Other studies
have been successful at modelling different aspects of functional diversity (Pacheco-Labrador et
al., 2022; Rossi et al., 2020), rather than taxonomic diversity, since it provides information on the
functional value of each community. Combining information at landscape scale on biomass
productivity, and taxonomic and functional diversity can be used to propose more insightful

mechanisms to manage ecosystems (Moore, 2013).

6. Conclusion

In this study, we applied deep neural networks and random forest algorithms for estimations of
above-ground plant biomass and plant species richness in German grasslands spread across a
broad range of management and climatic gradients. Neural networks required fewer predictors,
had a lower prediction bias and systematic errors, and had a more robust transferability to new
data than random forest. Successful biomass predictions carried out across various regions and
several phenological cycles pave the way for a near-real time operational grassland productivity
monitoring at regional and even national scales. Prediction models of species richness benefited

from the use of multispectral time series, but showed good performances only when trained with
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observations of all three exploratories. Despite of this, the models produced spatially explicit
datasets of species richness that revealed local hotspots of biodiversity, and can be used to
evaluate the temporal influence of regional processes in ecological models. Such models can
ultimately guide grassland management towards balancing trade-offs between forage provision
and biodiversity at landscape scale. This study highlights the importance of rigorous validations
of remote sensing driven prediction models with respect to their actual robustness and

spatiotemporal transferability, minimizing the consequent risk of grassland mismanagement.
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