
Supporting food security and sustainable agriculture by 

improved agricultural monitoring combining hyperspectral and 

multispectral satellite data
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Fig. 1. Study region. EnMAP true colour composite 

(01/05/2024, DLR 2024); yellow stars = ESUs.                

MOTIVATION & OBJECTIVE

One part for tackling agricultural challenges (~ increase food production, more

sustainability, climate change) is the optimisation of agricultural management. This

requires an improved monitoring of agricultural areas with respect to vegetation status,

health, and stress. The combined use of different types of satellite missions enables a

dense monitoring of agricultural fields. Therefore, this study aims to:

 Test the combined use of hyperspectral EnMAP/PRISMA (HSI) and multispectral 

Sentinel-2 (S2) data to monitor crops. 

 Utilize the hybrid retrieval approach as generalized and transferable method to 

quantitatively estimate biophysical and biochemical vegetation traits.

contact: anne.schucknecht@ohb.de

RESULTS

CONCLUSIONS

MATERIAL & METHODS

Study region & field sampling

Agricultural area, SW Poland (Fig. 1)

 3 crops:  winter wheat (WW), summer barley (SB), 

grassland (GL) with 3 ESUs each  focus on WW & SB

 ESU: 60 m x 60 m, sampled at 3 subplots (1 m x 1 m) 

 Sampling: 5x during growing season 2024 (Mar – Jul)

 In-situ data: e.g., LAI, chlorophyll content (Cab), …

 Used for model validation

Fig. 2. Scheme of hybrid retrieval workflow.

Hybrid retrieval models utilizing HSI and S2 data (Fig. 2)

 Coupled leaf-canopy radiative transfer model (RTM) PROSAIL-PRO (parameterized for

crops) to generate sensor-specific look-up-tables (n = 2000)

 PCA with 20 principal components (dimensionality reduction of HSI data)

 Active learning (AL) to optimize training datasets through intelligent sampling

o Variance-based pool of regressors (PAL) strategy

o Driven with in-situ samples of the Munich-North-Isar (MNI) dataset2, 3

 Gaussian Process Regression (GPR)

Hybrid retrieval models using HSI and S2 data – preliminary results

Fig. 4. Temporal development of LAI (left) and Cab (right) at ESUs with summer barley (SB) and winter wheat (WW). Blue crosses = S2 model

estimates, blue shadow = S2 GPR model uncertainty, blue line = smoothed S2 model estimates, pink points = HSI GPR model estimates with

uncertainty, black points = in-situ measurements with uncertainty.

Fig. 5. Spatial estimates of Cab using the S2 retrieval model.

 Hybrid HSI and S2 retrieval models showed promising results for quantitative estimation

of selected vegetation variables  this highlights the potential of multi-mission data for

agricultural monitoring.

 Further model tuning and in-situ data needed to improve the retrieval performance and

the combined use of hyperspectral and multispectral data.

RMSEvalR²valRMSEtestR²testModel

1.40 m² m-20.300.55 m² m-20.93LAI_HSI

1.25 m² m-20.320.49 m² m-20.91LAI_S2

13.5 µg cm-²0.635.70 µg cm-²0.78Cab_HSI

14.8 µg cm-²0.653.21 µg cm-²0.93Cab_S2

Table 1. Performance of EnMAP and S2 models for testing and validation

 Performance in testing (Table 1)

o LAI: similar for HSI and S2 models

o Cab: S2 model better than HSI

 Model validation (Table 1, Fig. 3)

o Max. difference between sampling and satellite

acquisition: 5 days  19 validation points for

EnMAP/PRISMA, 13 for S2

o Similar results for HSI and S2 models

 Temporal estimation (Fig. 4)

o Plausible development of estimated LAI and Cab over

the season

o Temporal profiles indicated cloud/cloud shadow

affected pixels not excluded by standard mask 

buffer around mask applied

 Spatial estimates (Fig. 5) highlight within-field variability
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Acquisition & processing of satellite data

 Tasking of EnMAP and PRISMA close to sampling dates  4 EnMAP scenes & 4 PRISMA 

scenes available (7 scenes during WW and SB season)

o AROSICS1 for image co-registration

o Preprocessing of EnMAP: SWIR for overlap, exclusion of water vapor bands, 

Savitzky-Golay filter  183 bands for modelling

o PRISMA: spectrally resampled to EnMAP, exclusion of noisy bands (9), smoothing

 S2 data 

o 9 used bands: B2, B3, B4, B5, B6, B7, B8A, B11, B12

o Spatially resampled to EnMAP/PRISMA (30 m) 

Fig. 3. Model validation with PL dataset.
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