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A B S T R A C T

The livestock sector in rural Colombia is critical for employment and food security but is heavily
affected by climate and its change. There is a need for solutions to address key challenges arising
from vulnerabilities that impact the productivity and sustainability of forages and the livestock
sector. Increasing the yields of forage crops can improve the availability and affordability of live-
stock products while also easing the pressure on land resources. This study aims to develop re-
mote sensing-based approaches for forage monitoring and biomass prediction in Colombia to sup-
port decision-making towards increased productivity, competitiveness and reduction of environ-
mental impacts. Ten locations were sampled between 2018 and 2021 across climatically distinct
areas in Colombia, comprising five farms in Patía in Cauca department, four farms in Antioquia
department, and one research farm at Palmira in Valle de Cauca department. Ash content (Ash),
crude protein (CP %), dry matter content (DM g/m2) and in-vitro digestibility (IVD %) were mea-
sured from Kikuyu and Brachiaria grasses during the field sampling campaigns. Multispectral
bands from coincident Planetscope acquisitions along with various derived vegetation indices
(VIs) were used as predictors in the model development. For each site and forage parameter, the
importance of specific predictors varied, with the NIR band and Red-Green ratio generally per-
forming best. To determine the optimum models, the effects of using a 1) averaging kernel, 2) fea-
ture selection approaches, 3) various regression algorithms and 4) meta learners (simple ensem-
bling and stacks) were explored. Algorithms belonging to classes of commonly used models; Deci-
sion Trees, Support Vector Machines, Neural Networks, distance-based methods, and linear ap-
proaches were tested. The performance evaluation based on unseen test data revealed that CP
and DM prediction performed moderately well for all three sites (R2 0.52–0.75, RMSE 1.7–2 %
and R2 0.47–0.65, RMSE 182–112 g/m2 respectively). The best performing models varied by site
and response variable, with Regularized Random Forest, Partial Least Squares, Random Forests,
Bagged Multivariate Adaptive Regression and Bayesian Regularized Neural Networks being the
top performing algorithms and Random Forest Stack being the best performing meta learner. The
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workflow and thorough analysis of performance affecting factors presented in this study can ben-
efit timely grassland monitoring and biomass prediction at the local level and help contribute to
the sustainable management of tropical grasslands in Colombia.

1. Introduction
Grasslands cover approximately 40% of the Earth's land surface and almost 70% of global agricultural land area (Gibson, 2009;

Reinermann et al., 2020). They provide a range of benefits, supporting biodiversity, livestock grazing and food production. Moreover,
grasslands are critical for maintaining a variety of ecosystem services (Masenyama et al., 2022) such as carbon storage and mitiga-
tion, pollination, and cultural services (O'Mara, 2012; Ali et al., 2016a; Bengtsson et al., 2019; Morais et al., 2021; Bardgett et al.,
2021). In Colombia, approximately 34–38% of the land area is grassland and the livestock sector accounts for 19% of agricultural em-
ployment (Tapasco et al., 2019; Rodríguez-Hernández et al., 2023). Forage grass forms the largest component of cattle diets; hence its
quantity and quality are key factors influencing the productivity and stocking rates in dairy and beef production systems. Food secu-
rity and the Sustainable Development Goals (e.g. SDG 2 – Zero hunger, SDG 13 – Climate action, SDG 15 – Life on Land) are directly
related to these production systems (Viana et al., 2022; Bonilla-Cedrez et al., 2023), and for efficient and sustainable management of
both cattle and pasture alongside expected changes in climate (Ray et al., 2015; Tapasco et al., 2015), and land use and condition
(Zuluaga et al., 2021), reliable information on forage quantity and quality is needed (Ferner et al., 2015). Forage quantity (biomass) is
most often determined by visual observations in the field, using rising plate meters, or by harvesting plants at different growth stages
for posterior analyses (Tucker, 1980). Forage quality is an equally important attribute of grasslands concerning their productivity and
management (Ali et al., 2016a). In the context of animal feed, forage quality refers to nutritional parameters such as crude protein, di-
gestibility, and Ash content (Pullanagari et al., 2013). Ash is the total mineral (non-organic) content of a forage and is important for
assessing animal health and performance. When a forage contains an excess of Ash or crude protein is low, forage quality and animal
productivity decreases (lower forage intake and reduced digestibility).

Laboratory-based methods to estimate forage quality include proximate biochemical analysis and near infrared spectroscopy
(NIRS) (Pullanagari et al., 2013). However, laboratory analyses can be costly, time consuming and are mostly confined to a point sam-
pling strategy which might not be representative when performed over large areas (Starks et al., 2006; Knox et al., 2012). Similar is-
sues exist for destructive biomass sampling (Kumar and Mutanga, 2017). Compared to traditional measurements, remote sensing can
extend estimation of forage quantity and quality over larger areas and cover more of the spatio-temporal variability of forage charac-
teristics (Ali et al., 2016a). As grasslands often exhibit small scale heterogeneities, the increasing spatial (3 m) and temporal (daily)
resolution provided by nanosatellites such as PlanetScope can help overcome some of the limitations of using coarse (e.g. MODIS) or
medium (e.g. Landsat, Sentinel-2) resolution data (Wachendorf et al., 2018).

Machine learning algorithms have been increasingly used for biomass estimation (e.g. Shoko et al., 2016; Zhou et al., 2021). The
performance of these predictive algorithms is highly variable and identifying performance controlling factors is far from trivial, lead-
ing to a lack of consensus on the optimum approach (e.g. Morais et al., 2021). Generally, ensemble learners refer to algorithms that
use an ensemble of identical base learners (e.g. Random Forest (RF) uses decision trees) whereas what we refer to as simple ensem-
bling in the realm of meta learning means a blending of multiple/different base learners. The RF algorithm is based on an ensemble of
decision trees that each votes to obtain the regression/classification result (Breiman, 2001). The individual trees are trained on sam-
ples using bootstrap aggregation. This algorithm is robust to noise in the data (Kontschieder et al., 2011), takes into account correla-
tion between predictions of base learners (Chan and Paelinckx, 2008), has relatively few hyperparameters and is much less suscepti-
ble to overfitting (Breiman, 2001). RF has been applied in numerous studies including its application for remote sensing (e.g. Gislason
et al., 2006; Barrett et al., 2016; Raab et al., 2020; Schucknecht et al., 2022). The Regularized Random Forest (RRF) algorithm in
essence works identical to RF but is more stringent, especially in context of used features. It contains a penalization coefficient (λ)
causing a feature only to be selected if the gain is substantial (Deng and Runger, 2012; Sylvester et al., 2018). The algorithm xgbTree
(extreme gradient boosting) employs Randoms Forests together with a boosting algorithm using fewer splits and shallower trees. It
has similarity to gradient boosting machines (GBM) but overfits less due to regularized boosting (Chen et al., 2018; Chen and
Guestrin, 2016; Just et al., 2018; Levick et al., 2021). Substantially different to these ensemble learners is Partial Least Squares (PLS)
regression. It combines elements from principal component analysis and multiple linear regression (MLR) via extraction of those or-
thogonal factors (latent variables) from predictors that have the highest predictive power in the subsequent MLR (Höskuldsson, 1988;
Abdi, 2003, 2010). This approach makes PLS particularly powerful in cases of low number of samples and high number of features
and in cases where in the latter multicollinearity occurs (Abdi, 2010).

Applying a meta learner (‘level-1’) in form of hierarchical blending (Simple Ens) or stacking of several different base learners
(‘level-0’) combines advantages of respective base learners often yielding superior generalizability and hence modelling accuracy
(Wang, 2018; Wu et al., 2021). This is not yet commonly applied despite its high performance (Wu et al., 2021) likely due to its nov-
elty, its increased complexity or substantial processing requirements. The difference in blending and stacking is marginal. In blend-
ing, no meta-feature dataset is created via k-fold cross-validation but instead the leave-one-out method is used. This approach makes
processing faster but also more susceptible to overfitting compared to stacking (Wu et al., 2021).

Most studies implementing machine learning approaches focus on measuring grassland quantity, and grassland quality has typi-
cally received less attention (e.g. Ramoelo et al., 2015; Wachendorf et al., 2018; Irisarri et al., 2022), due largely to additional ex-
pense of field and laboratory sampling or poor performance of approaches. Consequently, the value of grasslands, determined by both
quantity and quality, and their potential through appropriate management for meeting farm sustainability and profitability is not re-
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alised. The aim of this research was to assess different feature and classifier selection approaches to estimate tropical forage quantity
and quality using high resolution PlanetScope multispectral satellite data.

2. Materials and methods
2.1. Study areas

The study was performed in three regions across the Colombian Andes Mountain range. The Colombian Andes are characterised
by high elevation variability causing steep temperature and precipitation gradients (Echeverría-Londoño et al., 2016) (see Fig. 1). Its
connectivity or lack thereof with major moisture supply trajectories, water balance, elevation, substrate, and land management deter-
mine the types of vegetation cover and land use. This interplay of factors leads to climatically distinct regions from which we selected
study areas. These vary in forage type and management practices and include a) four farms in municipalities of Antioquia depart-
ment, b) one research farm in the municipality of Palmira in Valle de Cauca department and c) five farms in the municipality of Patía
in Cauca department (see Fig. 1a and section 2.2.1 for information on forage species). The Antioquia sites (municipalities Belmira,
Donmatías and Bello) are 17–59 km NW to NE from Medellín at elevations of 2320–2620 masl. It has a temperate oceanic climate
(Köppen: Cfb) with an average temperature of 15 °C and the driest season occurs from December to February. The wet season lasts ∼9
months from March to November with May being the wettest month (Fig. 1c).

The Palmira site is a forage test plot maintained by the Alliance of Bioversity International and the International Center for Tropi-
cal Agriculture (CIAT) and is 6 km SW of the city Palmira at an elevation of 970 masl. This site experiences tropical savanna climate
with dry-winter characteristics (Köppen: Aw) and two dry seasons which are most pronounced from June–August and Decem-
ber–February. Wet seasons are March–May and September to November, with September being the wettest month. The Patía sites are
3–6 km south of the city Patía at elevations of 600–750 masl. This region has a tropical monsoon climate (Köppen: Am) and a dry sea-
son from June to September. The wet season runs from October to May with November being the wettest month.

2.2. Ground truth data collection
2.2.1. Forage quantity and quality measurements

During the sampling campaign, we sampled ten locations to determine Ash content (Ash), crude protein (CP %), dry matter con-
tent (DM g/m2) and in-vitro digestibility (IVD %) for each sample in laboratory duplicates with the mean used in further analyses (see
Table 1). Analyses were conducted at the CIAT laboratory in Palmira (for CIAT and Patía sites) and Agrosavia laboratory in Medellín

Fig. 1. A) Study areas shown on the left with air moisture sources (Poveda and Mesa, 1997) and seasonal (January and July) migration of the Intertropical Conver-
gence Zone (ITCZ) [redrawn after (Jiménez-Sánchez et al., 2019; Asmerom et al., 2020)] illustrated in the inlet. The meridional oscillation of the ITCZ modulates the
supply of precipitation via three major sources: i) easterly winds as Orinoco Low-level Jet (-LLJ) with moisture from the tropical Atlantic Ocean, ii) Caribbean LLJ with
moisture from the Caribbean Sea, and iii) the low- Chocó LLJ providing moisture from the South Pacific Ocean. B) Spatial distribution of climate variables and site loca-
tions. C) Seasonal changes in average monthly precipitation (1991–2020) shown for the three study sites and sampled months. MAT = Mean Air Temperature,
MAP = Mean Annual Precipitation, CMD= Climate Moisture Deficit, PPT= Precipitation (monthly), LLJ = Low-level Jet. DEM data from Farr et al. (2007), climate
variables including seasonality from ClimateSA (Hamann et al., 2013).
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Table 1
Summary of field sample sites. CP=Crude Protein, DM = Dry Matter, IVD=In-vitro Digestibility.

Site (variables) No. Of Samples Farm Lat Lon Grass species/cultivars Sampling

Patía (Ash, CP, DM,
IVD)

65 El Eden 2.037 −77.076 Megathyrsus maximus cv. Mombaza Sep 2018
California 2.036 −77.111 M. maximus cv. Mombaza;

Urochloa brizantha cv. Toledo;
U. híbrido cv. Cayman

Villa Paola 2.070 −77.057 M. maximus cv. Mombaza; U. híbrido
cv. Cayman

Atoca 2.052 −77.065 M. maximus cv. Mombaza;
U. brizantha cv. Toledo;
U. híbrido cv. Cayman;
Dichanthium aristatum

Pinar del Rio 1.958 −77.124 D. annulatum; U. decumbes;
U. humidicola;

Antioquia (Ash, CP,
DM, IVD)

120 (40 per month) Don Bosco
La Tablaza
La Fe
Los
Recuerdos

6.620
6.514
6.490
6.415

−75.681
−75.624
−75.440
−75.591

C. clandestinus
C. clandestinus
C. clandestinus
C. clandestinus

Dec 2020–Feb
2021

Palmira (CP, DM, IVD) 665 (Jul: 36, Aug: 178, Sep: 142, Oct:
137, Nov: 172)

CIAT 3.506 −76.353 Mulato hybrid: U. ruziziensis x U.
brizantha);
U. brizantha cv. Marandu;
U. humidicola

Jul–Nov 2018

(for Antioquia sites) following forage analysis protocols described in Mazabel et al. (2020). Ash content values were not available for
the Palmira site.

Before sampling, we recorded the locations of each sample spot with a South G1 differential GPS receiver (South Surveying & Map-
ping Instrument Co., Ltd., China). Subsequently, DM was determined by a) cutting the forage to a height of 10 cm within an area of
0.5 × 0.5 m followed by b) drying at 60 °C for 72 h and c) weighing and normalisation of its dry mass to 1 m2 (see Figs. S1–3). We
obtained the Ash content by burning DM in a muffle furnace at 550 °C for 8 h and subsequent weighing of residue. That weight was
then converted to a percentage relative to DM. We analysed CP with a FOSS Kjeltec 8100 (Foss Company) using the protocol provided
by the Association of Official Analytical Chemists AOAC (method 2001.11). The IVD was estimated following the method published
in Tilley and Terry (1963).

2.3. PlanetScope acquisitions
The image acquisitions for this study were obtained from PlanetScope (PS) satellites. PlanetScope is a constellation of over 200

nanosatellites developed by PlanetLabs Inc. that can provide an unprecedented combination of daily global coverage at a high spatial
resolution of 3 m. The nanosatellites are called Doves and are equipped with sensors that can acquire data at four spectral bands cov-
ering the visible to the near-infrared parts of the electromagnetic spectrum. For Patía and Palmira, these were supplied by PS Dove-
Classic (PS2) and for Antioquia by PS Dove-R (PS2. SD) satellites. All acquisitions were delivered as atmospherically corrected bot-
tom-of-atmosphere surface reflectance. The selection criteria for suitable acquisitions were image quality and time offset between
available satellite imagery and sampling dates. Images that showed cloud, glare or shadow contamination over sampling locations
were discarded. Moreover, we excluded forage quantity and quality data from field sampling dates for which no suitable acquisitions
within ±5 days were available.

When using PS acquisitions two major sources of uncertainty need to be considered. They are radiometric and geolocation uncer-
tainty. Despite radiometric corrections via a) in-lab sensor calibrations, b) monthly moon imaging (Stone et al., 2020), and c)
crossovers with well-calibrated satellites (Helder et al., 2020), an uncertainty of 5–6% (1σ) remains (Wilson et al., 2017). This causes
inconsistency between individual PS satellites and hence their acquisitions (Le Roux et al., 2021). The issue of geolocation error is
variable and dependent on the quality of the digital elevation model (DEM) and density of ground control points (GCPs) which Planet-
Labs uses for geolocation and orthorectifications. The study by Leach et al. (2019) reported reasonably consistent geolocation be-
tween PS acquisitions. Nevertheless, PlanetLabs reports a geolocation RMSE of 10 m and other authors reported a high geolocation
error as well for their sites (e.g. Cooley et al. (2017): 10.5 ± 3.2 m and Houborg and McCabe (2018): 19 m). Forage cover at both
Patía and Antioquia was relatively homogenous. In contrast, the test plots (each 20 × 20 m) at CIAT in Palmira were substantially
dissimilar to each other. To compensate for this uncertainty, we tested the model performances using a) no buffer, b) 3 m buffer and
c) 6 m buffer from plot boundaries based on which data entries were excluded (see Figs. S4 and S5). Based on that preliminary analy-
sis, we found that applying a 3 m buffer yielded the optimum results for the test plot samples.

2.3.1. Landcover dataset construction
We generated datasets of known landcover from PS satellite acquisitions as the basis for machine learning predictions of landcover

and hence non-forage masks. These were constructed by creating training samples of known landcover and other cover using a high-
resolution satellite basemap in ArcGIS Pro 2.7 for eight classes (clouds, shadows, forests, grasslands, built land, glares, waterbodies
and bare soil) and subsequently reduced to a binary forage and non-forage classification. The number of items per class was adapted
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to the image size with >100 data points per class. The region-specific statistics are shown in the confusion matrices (see Fig. S6). The
apparent class imbalance in this constructed dataset reflects the approximate ratio of forage to non-forage for a given region.

2.4. Data analysis
The data analysis followed a workflow that consists of three main parts: a) pre-processing, b) model development and c) model ap-

plication and refinement (see Fig. 2). Analyses were carried out using R-project software (R Core Team 2023).

2.4.1. Pre-processing
The pre-processing required the harmonisation of coordinate reference systems (CRS) between sample data and the unstacked im-

ages from which we then extracted the spectral values for visible blue, green, red, and near-infrared wavelengths (package:raster)
(Hijmans, 2023). To test if using a kernel (3 × 3 pixel spatial average) reduces the effect of geolocation error, we additionally created
sets of kernel-smoothed rasters from which we extracted the surface reflectance values. Based on these, we calculated various vegeta-
tion indices (VIs) that are summarised in Table 2.

The use of VIs is part of the feature engineering process that is common practice in machine learning and well-established in re-
mote sensing of vegetation indicators such as quantity and quality (e.g. Loozen et al., 2019; Raab et al., 2020). The key advantage of
using VIs is that they reduce the scatter of site-specific characteristics like illumination angle, the atmosphere the light travels through
(e.g. Raab et al., 2020) or radiometric error. The dataset was then split into train (70%) and test (30%) subsets in a way that each sub-
set represents the range and distribution of the original dataset. For regression tasks, we sorted the data from low to high and for clas-

Fig. 2. Workflow of predictive model development. CRS= Coordinate reference system, ML = Machine Learning, RFE = Recursive Feature Elimination, CV= Cross-
validation.
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Table 2
Vegetation Indices and simple ratios used as additional predictors.

Equations for Vegetation Indices
aNDVI = (NIR+Red)

(NIR−Red)

bSAVI = NIR+Red+0.5
1.5 (NIR−Red)

cMSAVI2 = 2
2NIR+1− (2NIR+1)2−8(NIR−Red)

dGOSAVI = NIR+Green+0.16
NIR−Green

eRVI = NIR
Red

fIPVI = NIR+Red
NIR

gDVI = NIR-Red
hSR = Red

NIR
iGRVI = Green

NIR

jEVI = 2.5 [ (NIR+6Red−7.5Blue+1)
NIR−Red ]

kLAI = 3.618EVI−0.118
lGLI = (2Green+Red+Blue)

(Green−Red)+(Green−Blue)

mMSR =
(NIR/Red)+1

(NIR/Red)−1

nNLI = NIR2+Red
NIR2−Red

oVARI = Green+Red−Blue
Green−Red

pRDVI =
(NIR+Red)
NIR−Red

qGNDVI = (NIR+Green)
(NIR−Green)

GB = Blue
Green

GR = Red
Green

GN = NIR
Green

RB = Blue
Red

RG = Green
Red

RN = NIR
Red

BR = Red
Blue

NB = Blue
NIR

BG = Green
Blue

BN = NIR
Blue

a Rouse et al. (1974).
b Huete (1988).
c Qi et al. (2002).
d Sripada et al. (2005).
e Sripada et al. (2005).
f Crippen (1990).
g Tucker (1977).
h Birth and McVey (1968).
i Sripada et al. (2005).
j Huete et al. (2002).
k Boegh et al. (2002).
l Louhaichi et al. (2001).
m Chen (1996).
n Goel and Qin (1994).
o Gitelson et al. (2002).
p Roujean and Breon (1995).
q Gitelson and Merzlyak (1998).

sification the createDataPartition function (package: caret) (Kuhn, 2008) was used before subsampling. For the CIAT (Palmira) site,
we excluded data points that fell within the plot boundary buffer of 3 m (see section 2.3. PlanetScope Acquisitions) after which 282
data points per response variable remained.

2.4.2. Model development
To determine the optimum models, we tested the improvement capabilities of the 3 × 3 kernel, feature selection approaches, al-

gorithms, and meta learners (simple ensembling and stacks). Several of the applied algorithms have built-in best feature selection
functions (see Table 3). To test model improvement capabilities of an independent feature selection approach, we ran all models; a)
with no feature pre-selection, b) with Recursive Feature Elimination (RFE, package: caret) and c) with Boruta (package: Boruta) fea-
ture selection. The RFE is a form of backwards selection and in this study combined with 10-fold cross-validation with three repeats. It
determines the best features by first partitioning the data into test and train subsets according to the set number of folds followed by
tuning and training on the training subset. Afterwards, it was applied to the held-back test subset which forms the basis of predictor
evaluation. Initially, it fits a model with all predictors. The feature importance is then ranked and only the best features are retained.
Based on that new subset of predictors the process is repeated until only two predictors remain. After all these iterations, the set of
predictors that performed best on the test subset are chosen (Kuhn, 2008). The Boruta feature selection algorithm is a wrapper around
the random forest algorithm (Kursa et al., 2010). It selects the best features in an iterative process. First, it adds shuffled copies of all
features (shadow attributes) and performs random forest classifications/regressions on these copies to obtain Z-scores. Secondly, it
identifies the shadow attribute with the highest Z-score and “assigns a hit” to every original attribute that performs better than the
shadow attribute with the highest Z-score. This process classifies each feature as either important or unimportant and removes them
from the information system together with all shadow attributes. This process is then repeated with the reduced information system
until the importance of each feature is determined or the set limit of runs (set to 500) is reached (Kursa et al., 2010).

The sets of best features determined via RFE or Boruta were then stored. For all algorithms including stacking, we used either a) all
features, b) RFE or c) Boruta selected features while employing 10-fold cross-validation with 3 repeats for each of the regression algo-
rithms shown in Table 3. The regression algorithms that we tested belong to the classes of a) decision trees, b) support vector ma-
chines, c) neural networks, d) distance-based methods, e) linear approaches and f) other unclassified algorithms. In the ML-
Ensembles, we either performed a simple ensembling via a meta learner that determines the optimal weights of the predictions of
each algorithm or by stacking where the meta learner uses the predictions of every single algorithm and trains on them ideally to out-
perform them.

2.4.3. Model application and refinement
Fromv all these kernel/no kernel applications, feature selection approaches, algorithms, and meta learners, the best model was se-

lected based on R2, NRMSE and residuals in the performance on unseen data (test subset). The equations used are shown below:



Remote Sensing Applications: Society and Environment 36 (2024) 101282

7

M. Zwick et al.

Table 3
Applied algorithms. Methods with built-in feature selection marked by asterisks.

Algorithm
Class

Algorithm Method Packages (Version) Reference

ML-Ensembles Stacking with SVMRadial superlearner SVMRadial
Stack

caretEnsemble (2.0.1) Deane-Mayer and
Knowles (2016)

Stacking with eXtreme Gradient Boosting superlearner XGBTree Stack* caretEnsemble (2.0.1)
Stacking with Random Forests RF Stack* caretEnsemble (2.0.1)
Simple ensembling with linear regression Simple Ens caretEnsemble (2.0.1)

Decision Trees Random Forest rf* randomForest (4.6–14) Liaw and Wiener (2002)
eXtreme Gradient Boosting xgbTree* xgboost (1.4.1.1), plyr (1.8.6) Chen and Guestrin

(2016)
Wickham (2011)

Random Forest Rborist* Rborist (0.2–3) Seligman (2015)
Cubist cubist* Cubist (0.3.0) Kuhn et al. (2012)
Bagged CART treebag ipred (0.9–11), plyr (1.8.6), e1071 Peters et al. (2009)

Wickham (2011)
Meyer et al. (2019)

Conditional Inference Random Forest cforest* Party (1.7–7) Hothorn et al. (2010)
Boosted Trees bstTree bst (0.3–23), plyr (1.8.6) Wang et al. (2020b)

Wickham (2011)
Regularized Random Forest RRF* randomForest (4.6–14), RRF (1.9.1) Liaw and Wiener (2002)

Deng (2013)
Parallel Random Forest parRF* e1071 (1.7–7),

randomForest (4.6–14), foreach
(1.5.1), import (1.2.0)

Meyer et al. (2019)
Liaw and Wiener (2002)
Calaway et al. (2015)
Bache and Torfason
(2020)

SVMs Support-Vector Machines with Radial Basis Function
Kernel

svmRadial kernlab (0.9–29) Karatzoglou et al.
(2004)

Support-Vector Machines with Linear Kernel svmLinear kernlab (0.9–29) Karatzoglou et al.
(2004)

Neural Nets Multi-Layer Perceptron Neural Network monmlp monmlp (1.1.5) Cannon and Cannon
(2017)

Bayesian Regularized Neural Networks brnn brnn (0.8) Pérez-Rodríguez et al.
(2013)

Distance-based k-Nearest Neighbors knn R Base (4.1.0) R Core Team (2023)
Linear Partial Least Squares pls pls (2.7–3) Mevik et al. (2015)

Bayesian Generalized Linear Model bayesglm arm (1.11–2) Gelman et al. (2021)
Linear Regression lm R Base (4.1.0) R Core Team (2023)

Others Bagged Multivariate Adaptive Regression Splines using
Generalized Cross-Validation Pruning

bagEarthGCV* earth (5.3.1) Milborrow et al. (2020)

Bagged Multivariate Adaptive Regression bagEarth* earth (5.3.1) Milborrow et al. (2020)
Stochastic Gradient Boosting gbm* gbm (2.1.8), plyr (1.8.6) Greenwell et al. (2019)
Projection Pursuit Regression ppr R Base (4.1.0) R Core Team (2023)

R2
= 1 −

RSS

TSS
= 1 −

n∑

i=1

(
yi − yi

)2

n∑

i=1

(
yi − y

)2

(1)

yi = ith value of the variable to be predicted, y̌i = predicted value of yi, y = mean value of a sample, RSS = Residual Sum of
Squares, TSS = Total Sum of Squares Bounds: ∞,1

RMSE =


n

i=1


yi − yi

2

n

(2)

n = total number of observations

NRMSE =

RMSE

Q3 − Q1

(3)

Q3 − Q1 = Interquartile range



Remote Sensing Applications: Society and Environment 36 (2024) 101282

8

M. Zwick et al.

Q1 = CDF−1 (0.25) and Q3 = CDF−1 (0.75) (4)

CDF−1 = Quantile function (Cumulative Distribution Function).
The optimum model did sometimes systematically under- or over-estimate the response making a linear bias correction a require-

ment (based on the linear regression between observed response and predicted response within the training subset). This calibration
was then applied to the unseen test subset to obtain the true performance after the linear bias correction was performed. The optimum
model and linear bias correction were applied to the PS images. We a) converted the rasters to dataframes, b) calculated VIs, c) ap-
plied models and linear bias corrections and d) applied the non-forage mask by multiplying the forage quantity/quality predictions
with 1 if underlying vegetation was forage and with 0 if it was non-forage. We also masked predictions that were outside of the train-
ing range by setting these to 0 as well. In the final step, the dataframe was converted back to raster and the CRS assigned. Since zero is
outside of the training range for all response variables, we set that value as transparent in the subsequent output plots.

3. Results
3.1. Field data

The distribution of forage quantity (DM) and quality (Ash, CP and IVD) that formed the basis for predictive model development is
shown for each site in Fig. 3 together with the month and year of the sampling. Antioquia sites had the highest median CP and IVD
values and a continuous increase of these two variables throughout the sampling interval. The Palmira site had the highest median
DM, which linearly increased throughout the sampled season while CP and IVD decreased. The farms in Patía were characterised by
the highest Ash content, but lowest CP, DM and IVD medians. The higher Ash content is likely due to the drier and dusty climate here
compared to the Palmira and Antioquia study sites. The correlations between forage variables can be informative in the context of
model evaluation and they are shown in Fig. S7. Correlations (Spearman's Rho) between CP and IVD were very high (0.8–0.96) in
Patía and Antioquia but substantially lower at the Palmira farm (0.34). The ground-truth datasets were the response values for the
predictive models that were developed.

3.2. Overall model performances
In the description of performances, we focused on the median R2 since this metric is most useful for formulating general recom-

mendations and maximum R2 to indicate best possible performance where the median receives a higher priority in the rankings. In
general, we focused the performance evaluation on test subsets since these are the most representative indicators of true performance
on new data. The overall prediction performances (prediction versus observation) of the models are shown in Fig. 4 as violin/box
plots indicating distributions, supplemented with comparisons of group means via Wilcoxon rank sum test.

We show performances on train subsets (seen) and test subsets (unseen). As expected, the performance is substantially better on
seen data compared to unseen subsets. Overall, the models for Antioquia performed best (R2

median = 0.33, R2
max = 0.73), followed

by Palmira (R2
median = 0.25, R2

max = 0.52) and Patía (R2
median = 0.18, R2

max = 0.86). Assessment by response variables show that

Fig. 3. Ranges of measured values shown as boxplots. CP = Crude Protein, DM = Dry Matter, IVD = In-vitro Digestibility. NAntioqua = 120, NPalmira = 665,
NPatía = 65.
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Fig. 4. Prediction performance based on all models shown by responses and train/test performance for all three sites. Key panel highlighted in black and guide to read
the figure shown at the bottom. Ash not measured for the Palmira site. CP = Crude Protein, DM = Dry Matter, IVD = In-vitro Digestibility, ns = not significant, PRB
= Probability.

CP and DM models performed best (CP: R2
median = 0.35, R2

max = 0.73; DM: R2
median = 0.28, R2

max = 0.86) and IVD/Ash models
(IVD: R2

median = 0.24, R2
max = 0.64; Ash: R2

median = 0.22, R2
max = 0.53) performed less well.

3.3. Improvement capability of 3 × 3 kernel use and feature selection approach
We ran all models with and without a 3 × 3 kernel to determine whether applying a 3 × 3 kernel improved model performance

by compensating for geolocation error. The test subset performances are shown in Fig. 5 as violin/box plots with Wilcoxon rank sum
test. In general, using a kernel or not did not appear to make a difference when averaged over all sites. But since each site is unique,
the use of a kernel may improve performance if surrounding vegetation is similar (Patía) but can reduce performance if adjacent vege-
tation is dissimilar (Palmira). That observation is in general consistent for each response variable for a given site (see Fig. S8). These
findings formed the basis for selecting from kernel models for Patía and from non-kernel models for Palmira. The kernel use does not
appear to make a difference for Antioquia, for which no kernel was used in the final best models.

Fig. 5. Performance differences for kernel use and feature selection approach evaluated for test subset. None = no feature pre-selection, RFE = Recursive Feature
Elimination.
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Feature selection is essential in developing high-performing models. For Patía, we were not able to assess the performance of “no
feature selection” since for that site there were too few data entries compared with the total number of features. For Palmira and An-
tioquia, which had more entries, we tested three approaches a) no feature selection, b) RFE and c) Boruta. We found that in general,
there was no approach that systematically outperformed the others. In most cases, leaving the feature selection to algorithms that
have it as an in-built function led to slightly better performing models. Nevertheless, it must be decided case-by-case which feature se-
lection approach offers the best models. This is why we did not select one feature selection method over another when selecting the
optimal model. Full values by response variables are shown in Fig. S9.

3.4. Assessing algorithms and meta learners
Regularized Random Forest (RRF, R2

median = 0.38, R2
max = 0.65), Partial Least Squares (pls, R2

median = 0.36, R2
max = 0.66),

Random Forests (rf, R2
median = 0.36, R2

max = 0.63), Bagged Multivariate Adaptive Regression (bagEarth, R2
median = 0.35,

R2
max = 0.64) and Bayesian Regularized Neural Networks (brnn, R2

median = 0.34, R2
max = 0.61) were the top performing 5 algo-

rithms and RF Stack (Random Forest Stack, R2
median = 0.37, R2

max = 0.73) was the best performing meta learner (see Fig. 6). For the
prediction of Ash, Support Vector Machines with Linear Kernel (svmLinear, R2

median = 0.30, R2
max = 0.36) performed moderately, as

did Projection Pursuit Regression (ppr, R2
median = 0.39, R2

max = 0.62) for IVD. The top-ranked algorithms/meta learners – stacking
with eXtreme Gradient Boosting superlearner (XGBTree Stack) – yielded higher performances for Patía (R2

median = 0.34,

Fig. 6. Algorithm/Ensemble performance shown for responses (a) and for sites (b). Key panel highlighted in black, ensembles marked with squares, best algorithms/
ensembles indicated by black triangles, and least performing algorithms/ensembles indicated by circles.
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R2
max = 0.71) and Antioquia (R2

median = 0.44, R2
max = 0.62). Although meta learners do not always outperform single learners,

there are occasional exceptions where they yield extreme maxima and hence exceptional performance.

3.5. Best performing models
The best performing kernel-feature selection-algorithm/meta learner combinations after linear correction for the unseen test sub-

sets are displayed in Fig. 7. Since a very high R2 in the train subset performance can indicate a good performance or a high degree of
overfitting, we focus the results description on the test subset and show the train performance as Fig. S10. In the performance evalua-
tion based on unseen test data, CP and DM were predicted relatively well for all three sites. Since the R2 difference between train sub-
set and test subset was not particularly high for the two response variables, it is likely that the model did not overfit.

This high ability to generalize is also visible in the train/test comparison for Ash in Antioquia and IVD in Patía and contrasts with
Ash for Patía, where an initially high R2 in the training phase (R2 = 0.91) was substantially reduced in the testing phase, indicating a
high degree of overfitting. This overfitting occurred for IVD in Antioquia as well but to a lesser extent. The predictions of IVD in
Palmira were poor in the train and in the test phase and consequently thematic outputs were not generated for it. Fig. S11 displays the
performance of different models for each forage parameter and study location, along with displaying the performance of individual
variables or predictors in the models.

Maps with predicted target variables, shown in Fig. 8, were created by applying for each site the best-performing model (see Fig.
7) and subsequent masking of non-forage areas (see Fig. 2 for complete workflow). In their description, we focus on the timewise
change of forage characteristics. At the Palmira site, CP declined slightly between July and November 2018 whereas DM increased
substantially during that time. The non-forage mask seemingly performed less well in the application since several grassland plots are
masked. At the Los Recuerdos farm in Antioquia, Ash did not seem to change substantially between December 2020 and February

Fig. 7. Scatterplots (test subset) of best performing model predictions vs. observations (color by harvest month) after linear correction shown with performance
metrics. Secondary information (small font) indicates number of datapoints, kernel use, feature selection and algorithm/meta learner. (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 8. Example of prediction maps for Patia (Sep 2018), Palmira (July, Sep, and Nov 2018) and Antioquia (Los Recuerdos, Dec 2020–Feb 2021). Additional maps of
other months are shown in Fig. S12.

2021. In contrast, CP and IVD increase during that time while the maximum CP occurred in February and the IVD maximum in Janu-
ary 2021. The distribution variability of dry matter is irregular, but a maximum also appears to occur in January 2021.

4. Discussion
4.1. Environmental and anthropogenic controls on DM, CP and IVD and ash

The spatio-temporal change in forage quantity and quality is the result of a complex interplay of environmental, biological, and
anthropogenic factors. A summary of these and their influence on DM, CP, IVD and ash is shown in Table 4. Since biomass amount
was not always reported as dry matter amount per area, we chose the general term yield in Table 4 to accommodate slight variations
in definitions. Based on this synthesis of factors, we can outline likely factors that controlled differences in forage quantity and quality
between sites but also during different months for Palmira and Antioquia.

Antioquia showed the highest CP and IVD and lowest Ash values compared to the other two sites, likely due to the intensive pas-
ture management of the dairy farms that were sampled in this region, which contrasts with the lower input systems in Palmira and
Patía. Intensive dairy farming in this area is characterised by high nitrogen fertilizer inputs (∼250–400 kg/Ha/y - unpublished data
from our related studies on similar farms in this locality) and short-interval grazing, and is favoured by its high rainfall, high altitude
(Escobar Charry et al., 2020) and latitude (Lee, 2018) leading to cooler temperatures (Ball et al., 2001; Carvajal-Tapia et al., 2021;
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Table 4
Key factors influencing forage quantity and quality. Increase in factor (▲▲) either leads to increase (↗), decrease (↘) or both (↕) in dry matter yield (DM), crude
protein content (CP), in-vitro digestibility (IVD) or ash content. For ↕, direction of change is either case or circumstance dependent.

Factor DM CP IVD Ash References

Species ↕ ↕ ↕ ↕ ↕ (Ball et al., 2001; Carvajal-Tapia et al., 2021; Arango et al., 2014; Ortega-Gómez et al., 2011; Sierra-Montoya
et al., 2017)

Polyculture▲▲ ↗ ↗ ↗ ↗ (Maranatha et al., 2019; Sousa et al., 2015)
Cool-season grass▲▲ ↘ ↗ ↗ ↗ (Ball et al., 2001; Bakker and Elbersen, 2005)
Annual grasses▲▲ ↗ ↗ Ball et al. (2001)
Maturity at harvest▲▲ ↗ ↘ ↘ (Holliman, 1986; Ball et al., 2001; Insuasti et al., 2014; Springer and Aiken, 2015; Marais, 2001)
Leaf:stem ratio▲▲ ↘ ↗ ↗ ↗ (Ball et al., 2001; Mganga et al., 2021)
Temperature▲▲ ↗ ↘ ↘ ↗ (Ball et al., 2001; Enciso Valencia et al., 2021; Carvajal-Tapia et al., 2021; Berauer et al., 2020)
Diurnal temperature

range▲▲
↗ Enciso Valencia et al. (2021)

Precipitation▲▲ ↗ ↗ ↗ ↗ (Larbi et al., 2010; Springer and Aiken, 2015; Enciso Valencia et al., 2021; Gándara et al., 2017; González
Marcillo et al., 2021; Hare et al., 2015; Larsen et al., 2021; de Vargas Junior et al., 2012; Silva et al., 2017;
Lee, 2018; Camacho-Ospina et al., 2021)

Wet season compared to
dry season

↗ ↗ ↗ ↗ (Portillo-Lopez et al., 2019; Carvajal-Tapia et al., 2021; Hare et al., 2015; Garay et al., 2017; Lee, 2018;
Camacho-Ospina et al., 2021)

Climate Moisture
Deficit▲▲

↘ ↘ ↘ (Springer and Aiken, 2015; Carvajal-Tapia et al., 2021; Lee, 2018)

Soil moisture▲▲ ↗ ↗ ↗ ↗ (Habermann et al., 2019, 2021; Seguin et al., 2002)
Soil drainage▲▲ ↕ ↕ ↕ ↕ (Habermann et al., 2019, 2021; Lascano et al., 2001; Enciso Valencia et al., 2021; Suescún et al., 2017;

Odokonyero et al., 2017; Alvarado-Hernandez, 2015; Ortega-Gómez et al., 2011; Bakker and Elbersen, 2005)
Latitude▲▲ ↘ ↗ ↗ ↗ (Ball et al., 2001; Lee, 2018; Lee et al., 2017)
Altitude▲▲ ↘ ↘ (Escobar Charry et al., 2020)
Shadow▲▲ ↕ ↗ (Lin et al., 2001, Barragán-Hernández and Cajas-Girón PhD, 2019)
N-Fertilization▲▲ ↗ ↗ (Ball et al., 2001; Portillo-Lopez et al., 2019)
P/K-Fertilization▲▲ ↗ ↘ ↘ Ball et al. (2001)

Berauer et al., 2020). Nevertheless, the experiment in Antioquia took place during the dry season when CP and IVD values tend to be
lower (Portillo-Lopez et al., 2019; Carvajal-Tapia et al., 2021; Garay et al., 2017; Camacho-Ospina et al., 2021) and hence the differ-
ence between Antioquia and the other two sites from the perspective of these two forage quality metrics was reduced. In terms of
monthly change, the maxima in CP and IVD occurred during the driest months which could mean that either previously waterlogging
conditions occurred that lead to reduced forage quantity and quality (e.g. Habermann et al., 2019; Suescún et al., 2017; Odokonyero
et al., 2017) or that grazing occurred which renewed the forage and hence lead to an increase in the leaf:stem ratio (Ball et al., 2001;
Mganga et al., 2021) and hence quality (Holliman, 1986; Ball et al., 2001; Insuasti et al., 2014; Springer and Aiken, 2015). The co-
occurrence of DM minima during January and February would suggest that grazing/cutting may be the lead cause. The Ash signal
likely was dominated by soil contamination since it is does not seem to correlate substantially with any known controlling factor and
because it is higher than 10 % which Ball et al. (2001) suggested is indication for soil contamination in the context of grasses.

In Palmira, the site with the lowest amount of precipitation and highest amount of drought stress, CP and IVD was much lower
than in Antioquia. The continuous increase in dry matter and stepwise decrease in CP and IVD could be predominantly controlled by
forage maturity related decrease in leaf:stem ratio (Holliman, 1986; Insuasti et al., 2014; Springer and Aiken, 2015) and hence reduc-
tion of CP and IVD. Additionally, the increase in precipitation towards the end of the experimental interval may have, to a minor de-
gree, compensated the CP and IVD decrease (Hare et al., 2015; Larsen et al., 2021; Lee, 2018; Camacho-Ospina et al., 2021).

The forage quantity (DM) and quality (CP, IVD) was lowest in Patía compared to the other two sites. Although this region gener-
ally receives a similar amount of rain in September as Palmira (Hamann et al., 2013), in 2018 exceptionally little rain (31–85 mm per
month) fell from June to October (see Fig. S13). Additionally, its low latitude and altitude leads to a higher temperature and evapora-
tive loss. Prolonged drought stress due to little precipitation and generally high temperatures likely was the main reason for the ex-
ceptionally low forage quantity and quality. The Ash content in Patía is well above the 10% threshold, which indicates soil contami-
nation. Since drought conditions occurred it likely was introduced by dust cover.

4.2. Factors influencing model performance
4.2.1. Algorithm performance in predicting forage quantity and quality

Kernel-use may be advantageous if geolocation error occurs and adjacent vegetation is relatively homogenous in its quantity and
quality metrics. We showed that for Patía it improves models, for Palmira it is inadvisable due to dissimilar adjacent vegetation and
that it does not make a major difference for the Antioquia farms. We also showed that feature selection approaches (RFE, Boruta) do
not seem to have a major influence on model quality since many established algorithms have a built-in optimal feature selection ap-
proach that is tailored to the respective algorithm. There are feature selection approaches not considered in this study that have been
found to perform well and minimize overfitting (e.g. forward feature selection (FFS), Meyer et al. (2018)) that could potentially have
a stronger influence on overall model quality and in future studies these could be explored. As shown in Fig. S9, it is likely that feature
selection approaches must be decided upon on a case-by-case basis to identify the optimum model for a specific site and/or parame-
ter.
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The best performing algorithms/meta learners were; a) random forests (RF), b) regularized random forests (RRF), c) extreme gra-
dient boosting decision trees (xgbTree), d) partial least squares regression/projection to latent structures (PLS) and meta learners us-
ing e) ensembling (Simple Ens) and f) stacking via RF or xgbTree as meta learner. All but one (PLS) of the best performing algorithms
are ensemble learners because these are highly suitable for non-linear modelling with relatively small number of samples compared to
the optimal requirements of neural networks. These ensemble learners can be used in conjunction with bootstrap aggregation or bag-
ging (RF), regularized (RRF) or boosted (xgbTree). Despite PLS not being an ensemble learner, it was shown that it also performs well
in cases of small number of samples compared to number of features (Abdi, 2003, 2010). Although the three sites have substantially
different number of samples that go into the training phase, no clear pattern is visible. To put the performances of models in this study
in context with previous studies, representative examples are displayed in Table 5. When considering model performances, the influ-
ences of satellite-based factors of uncertainty and biological factors can also influence modelling capabilities. Further details on as-
pects of uncertainty introduced by satellite geolocation error, radiometric uncertainty, and differences in spectral band ranges/
widths, especially between generations of PS satellites are discussed in section 4.2.2. Similarly, further discussion on how phenology
and drought-induced grass senescence may affect the ability to predict tropical forage quantity and quality is provided in section
4.2.3.

4.2.2. Satellite-based factors of uncertainty
Understanding if and how a chosen satellite product introduces uncertainty and potentially limits model quality is important. In

Patía, geolocation error unlikely affected the models substantially since the vegetation was relatively homogenous. We used only a

Table 5
Examples of remote-sensing-based prediction performances from the literature.

Region Vegetation Forage
variable

Satellite/UAV (year) Algorithms Max R2 (unseen
subset)

Reference and notes

Germany (Alps) Grass YLD UAV (2018) RF*
GBM*

0.25
0.19

Schucknecht et al. (2022)

Australia Grass &
Crops

YLD Various satellite-based
acquisitions (2008–2011)

PLSR
NBCRF
XGBM
xvBCRF
RPRM
SVM

0.74
0.70
0.69
0.69
0.59
0.45

Newman and Furbank (2021) model
performance 200 days after sowing

Belgium Grass YLD
Ash
CP
IVD

UAV (2019) MLR* 0.47
0.48
0.54
0.83

Michez et al. (2020)

Germany Grass CP UAV (2018) SVM
CBR
RF
GPR
PLSR

0.79
0.77
0.74
0.73
0.48

Wijesingha et al. (2020)

USA Grass
(Wheat)

YLD MODIS (2007–2018) AdaBoost
RF
DNN
SVM
LASSO
MLR
AdaBoost*

0.86
0.85
0.83
0.82
0.81
0.75
0.72

Wang et al. (2020a)

Germany Grass YLD
CP

Sentinel- 1 & 2 (2015–2017) RF* 0.45
0.72

Raab et al. (2020)

China Grass
(Wheat)

YLD MODIS (2001–2014) RF
GPR
SVM

0.81
0.79
0.77

Han et al. (2020)

Brazil Grass YLD PlanetScope (2019) XGBM*
RF*

0.50
0.48

Dos Reis et al. (2020)

Brazil Grass (Rye) YLD PlanetScope/UAV (2017) SVM* 0.58 Breunig et al. (2020)
USA Grass YLD PlanetScope/UAV (2017–2018) GBM 0.70 Liu et al. (2019)
Mongolia Grass YLD MODIS NBAR (2006–2016) CRT 0.62 John et al. (2018)
Republic of

Georgia
Grass YLD RapidEye (2014) RF 0.42 Magiera et al. (2017)

Ireland Grass YLD MODIS (2001–2012) ANFIS
ANNs
MLR

0.78
0.54
0.29

Ali et al. (2016b)

Notes: Models that only use spectral values and VIs as predictors marked with *. YLD = yield, CP = crude Protein, IVD = in-vitro digestibility, AVHRR = Advanced
Very High Resolution Radiometer, GBM = stochastic gradient boosting, RF = random forests, SVM = support-vector machines, RPRM = recursively partitioned re-
gression models, NBCRF = naïve Breiman-cutler random forests, xvBCRF = Breiman-cutler random forests cross-validated, XGBM = extreme gradient boosting mod-
els, LASSO = least absolute shrinkage and selection operator, DNN = deep neural network, MLR = multiple linear regression, GPR= Gaussian process regression,
PLSR = partial least squared regression, CRT = Cubist Regression Trees, ANN = Artificial Neural Network, ANFIS = Adaptive Neuro-Fuzzy Inference System.
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single satellite acquisition which circumvented possible issues like radiometric scatter introduced by several different satellites. Nev-
ertheless, the employed PS Dove-Classics (PS2) with wider and in part overlapping spectral bands [in contrast to PS Dove-R (PS2.
SD)] likely led to a reduction in the quality of spectral predictors/vegetation indices. The research plot in Palmira was affected by ge-
olocation error despite our efforts to reduce its severity as the plots were relatively small (20 × 20 m) compared to the image resolu-
tion (1 pixel = 3 m). A geolocation error ranging from below 1 pixel (less than 3 m) (Leach et al., 2019) to an extreme of 19 m
(Houborg and McCabe, 2018) have been reported in the literature. This paired with relatively dissimilar plots due to different grass
species likely introducing scatter. Moreover, radiometric uncertainty due to various acquisitions (several per month from June to No-
vember 2018) and hence different satellites likely introduced additional uncertainty. An assessment of radiometric uncertainty
showed that even after corrections, an error of 5–6% (1σ) remains (Wilson et al., 2017), leading to inconsistencies between acquisi-
tions (Liu et al., 2017). Like Patía, only the PS Dove-Classics were available and hence a reduced quality of spectral predictors/vegeta-
tion indices due to aforementioned reasons. Antioquia benefitted from the availability of the newer PS generation PS Dove-R (PS2.
SD) acquisitions. Radiometric uncertainty and differences between satellites due to the use of several acquisitions (one per month
from December 2020 to February 2021) likely introduced some error. Nevertheless, it is possible that improvements in the spectral
ranges and widths of this new generation PS satellite increased the quality of spectral predictors/vegetation indices. This could be a
contributing factor for higher R2 between best model predictions and observations for Antioquia sites compared to Patía and Palmira.

4.2.3. Biological aspects
In this study, the plot in Palmira allows direct insights into phenological succession and potentially problematic phases for model

building since field and spectral data is available from July (planting month) to November 2018. In Antioquia, the phenological suc-
cession likely was disrupted by grazing and grasses were not observed from planting to maturity stage. The farms in Patía were exclu-
sively observed during three days in September thus we only can make limited statements about the effect on drought-induced plant
senescence and only via comparison with the other two sites. If month-wise change in residual magnitude is largely caused by a par-
tial decoupling of spectral response and forage variable due to growth stage/phenology, then it could serve as evidence. Based on
that, for DM modelling later growth stages and for CP earlier growth stages are more difficult to predict. For Antioquia and modelling
of DM, a similar interpretation arises if we assume that post-grazing months (January and February) represent early growth stages.
Nevertheless, the change in scatter width for CP predictions are too subtle to make statements about potentially problematic growth
stages. Han et al. (2020) had similar findings for yield. They developed models with spectral predictors of winter wheat yield in China
and found that the further away from the sowing date the higher the loss in accuracy. This observation was most pronounced in SVM
models, and the effect of growth stage nearly absent in RF models. It is unclear whether the limiting factor is a specific growth stage or
the generalization ability of a chosen algorithm. Newman and Furbank (2021) made contrasting observations in their crop yield pre-
diction models in Australia which also included spectral predictors. Their findings showed that the further away from the sowing
date, the better the models were in the prediction of crop yield. This could be caused by a stronger influence of soil spectral re-
flectance at initially lower vegetation density. Our findings suggest that combining all growth stages produces the best models largely
caused by a wider range which agrees with Zeng and Chen (2018). They modelled forage biomass and nutrients at different growth
stages in Montana and showed that their yield and CP models perform best when they include all three growth stages. Nevertheless,
models from the peak growth stage also generated a high R2 when this phase is used exclusively.

It is possible that grass senescence/dormancy as the last phase of a grass life cycle or drought-stress can cause issues for spectral
prediction of forage characteristics (Royimani et al., 2021). It leads to chlorophyll degradation and carotenoid retention and is accom-
panied by an increase of spectral reflectance at 550 and 740 nm and reduction at 400 and 500 nm (Merzlyak et al., 1999). Moreover,
senescence reduces vegetation density and the influence of the background reflectance of soil becomes stronger (Qi et al., 2002). For
optimal spectral prediction of forage characteristics, vegetation should not be too dense and not too patchy as in early growth stages
or senescence to minimize the influence of the soil background reflectance (Royimani et al., 2021). For tropical grasses such as those
investigated in this study, soil moisture is the key controlling factor of plant senescence. In contrast, at higher latitudes temperature
and day length control phenology (Archibald and Scholes, 2007; Castro and Sanchez-Azofeifa, 2008). Soil moisture was very low at
the Patía farms due to ongoing moisture deficit (see Fig. S13) that caused a relatively low forage quantity and quality compared to the
other two sites but may also have reduced model prediction accuracy due to grass senescence. In Palmira, sufficient rain fell during
most of the investigated months and continuous senescence-related issues were unlikely. Nevertheless, during August, the amount of
precipitation was reduced, coinciding with increased scatter of CP predictions of the same month. The farms at Antioquia were also
investigated during the dry season but since the evaporative loss is much lower at these high altitudes (2320–2620 masl) and low tem-
peratures, no major moisture deficit occurred. In addition to all aforementioned mechanisms that may reduce predictive accuracy, a
higher diversity of grass species/cultivars may also make it more difficult to model forage characteristics. In Patía and Palmira our
models are based on a relatively high grass diversity (see Table 1) whereas our Antioquia models are based on a single grass species
(kikuyo (Cenchrus clandestinus (Hochst. Ex Chiov.)). This may provide additional explanation for the slightly better performing mod-
els of Antioquia.

5. Conclusions
This study presented a workflow for retrieving forage quantity and quality information from high resolution satellite imagery

across multiple sites that could help contribute to the sustainable management of tropical grasslands in Colombia. A comprehensive
analysis of the performance of different feature and classifier selection approaches (n = 26) was assessed across sites with different
climates, forage types and management practices. The study shows that overall, the models for Antioquia outperform those for
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Palmira and Patía and the models for DM and CP perform best. The best performing models varied by site and response variable, with
Regularized Random Forest, Partial Least Squares, Random Forests, Bagged Multivariate Adaptive Regression and Bayesian Regular-
ized Neural Networks being the top performing algorithms and Random Forest Stack being the best performing meta learner. For each
site and forage parameter, the importance of specific predictors varied, with the NIR band and Red-Green ratio generally performing
best. Incorporating management information into remote sensing-based quantity and quality predictions could lead to enhanced un-
derstanding and predictive capabilities. Cooperation with smallholder farmers to determine their attitudes and potential constraints
to mainstreaming such technologies and their outcomes on the ground can also prove beneficial. Through improving communication
between earth observation and agricultural communities and the successful integration of satellite-based technologies, future strate-
gies can be implemented for increasing production and improving forage management while maintaining ecosystem attributes and
services across tropical grasslands. The development of these approaches is important for operationalising high spatial and temporal
resolution satellite data in grassland monitoring.
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