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Abstract

 

Background: The increasing impact of population development and climate change on 

soils and their functions leads to a growing importance of soil information. Due to the 

high socioeconomic and ecological relevance of soils, qualitative and quantitative soil 

data (e.g. on organic matter content) at multiple scales are urgently required for land 

and resource management, soil protection strategies, and more specific tasks in preci-

sion agriculture. Therefore, remote sensing data analysis can provide innovative, 

inexpensive and rapid tools for soil property prediction. To avoid the disturbance of tem-

poral patterns (caused by vegetation, land management), a multitemporal remote 

sensing approach with the advantage of potentially higher pattern stability is obligatory. 

For multitemporal pattern analysis of soils, high resolution multispectral remote sensing 

data (e.g., RapidEye satellite imagery) are the best option to obtain a suitably large data 

series of bare soil images. 

Objective: This research proposes an innovative, transferable and operational model – 

the Multitemporal Soil Pattern Analysis (MSPA) method – for the generation of user-

friendly soil information maps for precision agriculture based on multitemporal remote 

sensing data analysis and GIS spatial data modelling. The primary research objective is 

to evaluate the usefulness of spatiotemporal static soil reflectance patterns derived from 

high resolution multispectral satellite imagery using the reflection signal from soils for 

precise functional organic matter soil maps at croplands. 

Data: For model generation and validation, as well as data interpretation, in total 82 

RapidEye scenes were obtained. In addition comprehensive soil sampling and analysis 

(1017 soil surface mixed samples) were conducted at agrarian fields, located in the 

young morainic soil-landscape of north-eastern German lowlands. 

Methods: At a demonstration field (study area Demmin), the field-specific MSPA meth-

od based on static soil reflectance pattern and soil sampling data was developed, 

consisting of following steps: (1) Selection of best suitable datasets (bare soil images) 

out of satellite time-series using automated classification based on NDVI thresholds and 

phenology data; (2) Soil reflectance pattern detection using standardised principal com-

ponent analysis; (3) Evaluation of spatiotemporal soil pattern stability using statistical 

per-pixel analysis; (4) Functional soil mapping based on statistical analysis and step-

wise exclusion of temporal effects. For a multi-field landscape-scale MSPA version, the 

field-scale based MSPA method was testes at single fields and field composites with 
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diverse physical-geographical location characteristics in the study area Demmin. On 

this basis, both a representative regional organic matter prediction model and multitem-

poral bare soil mosaics (covering the study area) were created. To evaluate the 

transferability of the MSPA method and the application potential of the regional organic 

matter prediction model “Demmin” to other agrarian fields of same soil-landscape, the 

multi-field landscape-scale MSPA version was applied to croplands of the Quillow 

catchment area. To cover a larger area of the young morainic soil-landscape, a 

transregional prediction model was developed. 

Results: The main findings of this research are i) the highly operational and transfera-

ble MSPA method based on spatiotemporal static soil reflectance pattern derived from 

RapidEye time series and ii) the applicable regional prediction model “Demmin” and the 

transregional model for precise organic matter estimation at croplands. Prediction mod-

els are based on the significant relationship between organic matter values and the soil 

pattern detecting first standardised principal components. The prediction model “Dem-

min” (R² = 0.69) and the transregional model (R² = 0.65) show a prediction accuracy of 

1.3 OM-% (absolute RMSE). High-quality functional soil maps with low prediction errors 

to laboratory-analysed data could be produced after excluding temporal effects. The 

MSPA method meets several requirements of innovative soil property prediction meth-

ods, such as “cost-efficiency” (0.95 €/ha for farm sizes of 10,000 ha). 

Conclusions: In this study, the MSPA method combined with RapidEye data provide a 

high prediction accuracy of organic matter values, independent of the study area, its 

value range of organic matter, and applied local, regional or transregional prediction 

model type. 
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Zusammenfassung

 

Hintergrund: Die zunehmenden Auswirkungen der Bevölkerungsentwicklung und des 

Klimawandels auf Böden und ihre Funktionen führen zu einer wachsenden Bedeutung 

an Bodeninformationen. Aufgrund der hohen sozioökonomischen und ökologischen 

Relevanz von Böden sind qualitative und quantitative Bodendaten (z.B. organische 

Substanz) auf mehreren Maßstäben für die Landschafts- und Ressourcenplanung, Bo-

denschutzstrategien und für exaktere Aufgaben in der Präzisionslandwirtschaft dringend 

erforderlich. Hierfür kann die fernerkundliche Datenanalyse innovative, preiswerte und 

schnelle Instrumente zur Vorhersage von Bodeneigenschaften liefern. Um die Störung 

durch temporäre Muster (verursacht durch Vegetation und Landmanagement) zu ver-

meiden, ist ein multitemporaler Fernerkundungsansatz mit dem Vorteil potenziell 

höherer Musterstabilität obligatorisch. Für die mulitemporale Musteranalyse von Böden 

sind hochauflösende, multispektrale Fernerkundungsdaten (z.B. RapidEye Satel-

litenbilder) die beste Option, um eine genügend große Datenreihe von Bildern mit 

vegetationslosen Böden zu erhalten. 

Ziel: Diese Forschungsarbeit empfiehlt ein innovatives, übertragbares und operatives 

Model – die multitemporale Bodenmusteranalyse-Methode (engl. Multitemporal Soil 

Pattern Analysis; MSPA) – zur Erstellung von benutzerfreundlichen Bodeninformation-

skarten für die Präzisionslandwirtschaft basierend auf der Analyse von 

Fernerkundungsdaten und der GIS-Modellierung von raumbezogenen Daten. Das 

Hauptforschungsziel ist die Nutzenevaluierung von raumzeitlich stabilen Bodenreflek-

tionsmustern, die von hochauflösenden multispektralen Satellitenbildern über das 

Reflexionssignal von Böden abgeleitet wurden, zur Erstellung von präzisen Bodenfunk-

tionskarten zur organischen Bodensubstanz auf Ackerflächen. 

Daten: Zur Modellerstellung und -validierung sowie zur Dateninterpretation wurden 

insgesamt 82 RapidEye-Satellitenbildszenen erhalten. Darüber hinaus wurde eine um-

fangreiche Bodenprobenentnahme und -analyse (1017 Oberbodenmischproben) auf 

Ackerflächen durchgeführt, die sich in der Jungmoränenlandschaft der nor-

dostdeutschen Tiefebene befinden. 

Methoden: Auf einem Demonstrationsfeld (Untersuchungsgebiet Demmin) wurde die 

feldspezifische MSPA-Methode basierend auf stabilen Bodenreflektionsmustern und 

Bodendaten aus folgenden Schritten entwickelt: (1) Auswahl der am besten geeigneten 

Datensätze (Bilder mit vegetationslosen Böden) aus der Satellitenbildzeitreihe mittels 
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einer automatischen Klassifizierung anhand von NDVI-Schwellenwerte und Phänolo-

giedaten; (2) Bodenmustererkennung unter Einsatz der standardisierten 

Hauptkomponentenanalyse; (3) Bewertung der raumzeitlichen Bodenmusterstabilität 

mittels statistischer Per-Pixel-Analyse; (4) Erstellung von Bodenfunktionskarten ba-

sierend auf statistischer Analyse und schrittweiser Exklusion von temporären Effekten. 

Für die Schaffung einer Mehrfeld-Landschaftsskala-MSPA-Version wurde die Feld-

skalen basierte MSPA-Methode auf Einzelfeldern und Feldverbunden unter 

Berücksichtigung der verschiedenen physisch-geographischen Standorteigenschaften 

im Untersuchungsgebiet Demmin getestet. Auf dieser Grundlage wurden sowohl ein 

repräsentatives regionales Vorhersagemodell für die organische Substanz als auch 

multitemporale Bild-Mosaike von vegetationslosen Böden (die das gesamte Unter-

suchungsgebiet abdecken) entwickelt. Um die Übertragbarkeit der MSPA-Methode und 

das Anwendungspotential des regionalen Vorhersagemodells „Demmin“ auf andere 

Ackerflächen der gleichen Bodenlandschaft zu bewerten, wurde die Mehrfeld-

Landschaftsskala-MSPA-Version auf Ackerflächen im Quillow-Einzugsgebiet an-

gewendet. Zur größeren Flächenabdeckung der Jungmoränenlandschaft wurde ein 

überregionales Vorhersagemodell erstellt. 

Ergebnisse: Die Hauptergebnisse dieser Forschungsarbeit sind i) die hoch operative 

und übertragbare MSPA-Methode basierend auf raumzeitlich stabilen Bodenreflek-

tionsmustern, abgeleitet aus der RapidEye-Zeitreihe, und ii) das anwendbaren 

regionale Vorhersagemodell „Demmin“ sowie das überregionale Modell zur präzisen 

Schätzung der organischen Substanz auf Ackerflächen. Die Vorhersagemodelle stützen 

sich auf dem signifikanten Zusammenhang zwischen Werten der organischen Boden-

substanz und den Bodenmuster detektierenden ersten standardisierten 

Hauptkomponenten. Das Vorhersagemodell „Demmin“ (R² = 0.69) und das überregion-

ale Model (R² = 0.65) zeigen eine Vorhersagegenauigkeit von 1.3 OM-% (absolute 

RMSE). Hochwertige Bodenfunktionskarten mit niedrigen Vorhersagefehlern gegenüber 

den im Labor gemessenen Daten konnten nach dem Ausgrenzen von temporären 

Effekten erzeugt werden. Die MSPA-Methode erfüllt mehrere Anforderungen an eine 

innovative Vorhersagemethode von Bodeneigenschaften, wie zum Beispiel „Kosteneffi-

zienz“ (0.95 €/ha für Betriebsgrößen von 10,000 ha). 

Fazit: Die MSPA-Methode kombiniert mit RapidEye-Daten bietet in dieser Studie eine 

hohe Vorhersagegenauigkeit der organischen Substanz, unabhängig von dem Unter-

suchungsgebiet, seinem Wertebereich der organischen Substanz und dem 

angewendeten lokalen, regionalen oder überregionalen Vorhersagemodelltyp. 
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1 Introduction

 

This cumulative dissertation presents a collection of scientific publications investigating 

the potential of multitemporal soil pattern analysis using multispectral remote sensing 

data for predicting organic matter in croplands for soil and agricultural science investiga-

tions. The entire research was performed in a predominantly rural, intensively used 

agricultural region of northeast Germany from 2013 to 2015. 

1. 1 The Need for Soil Information at Multiple Scales 

The growing importance of soil information is strongly related to the increasing impact of 

population development and climate change on soils and their functions. Soils exist at 

the contact and transition zone between hydrosphere, lithosphere, atmosphere, and 

biosphere, leading to essential soil functions providing and/or affecting habitat and bio-

diversity, regulation (e.g., filtering and buffering), physical stability and support, culture, 

and production. These soil functions have high socioeconomic and ecological rele-

vance, and they are sensitive to anthropological activities and climatic influences. 

Regional and local changes in climate elements and systems (e.g., temperature and 

precipitation regimes) cause a multitude of (primarily negative) consequences for local, 

regional and global ecosystems as well as for primary economic sectors, especially the 

agriculture sector (IPCC, 2000). Simultaneously, the current world population (~7.2 bil-

lion people) will continue to grow in this century up to potentially 9.6 billion by 2050 and 

12.3 billion by 2100 (Gerland et al., 2014). Meanwhile, the amount of cropland is ex-

pected to remain static at ~1.5 billion ha (Thenkabail, 2010), giving rise to questions of 

how this increased global population is to be fed. 

In order to respond to the resulting present and future challenges (e.g., food security), 

qualitative and quantitative soil data at multiple scales are highly needed for specific 

tasks in precision agriculture, hydrological and erosion modelling, carbon stock analy-

sis, and soil landscape studies, besides general policy-making, land resource 

management, soil protection strategies and environmental monitoring (Franzen et al., 

2002; Lin et al., 2005a; Lin et al., 2005b; McKenzie et al., 2000; Rossel and McBratney, 

1998; Thomasson et al., 2001; Post et al., 2001). Existing regional and global georefer-

enced soil databases and soil information systems at map scales smaller than 

1:250.000, such as the World Soil Database (FAO et al., 2008), the European Soil In-

formation System (Le Bas et al., 1998), and the Georeferenced Soil Database for 
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Europe (Finke et al., 2001), are problematically inconsistent regarding data acquisition 

standards and methods (Mulder et al., 2011) and still too coarse for precise large-scale 

tasks (field scale). Traditionally, grid sampling is performed to obtain soil property infor-

mation, especially at regional and local scales. One main disadvantage is the 

exponential increase of associated costs as sampling density increases (Ge et al., 

2011). For instance, the average cost varies from approx. 4 $/ha for soil maps around a 

scale of 1∶30000 (small scale) to 47 $/ha at a scale of 1∶3000 (large scale) (Samuelson 

et al., 2002). In addition, soil parameter extrapolation from analysed sampling locations 

to larger, unknown areas induces high error susceptibility due to the limited number of 

soil sampling points (Ge et al., 2011). Moreover, standard soil characterisation proce-

dures are time-intensive. Although geospatial and geostatistical interpolation and 

extrapolation techniques have been improved for the transfer of punctual quantitative 

soil property data, these methods still depend on the accuracy of time-consuming, ex-

pensive and comprehensive field surveys and grid sampling strategies. 

The concept of site-specific management in precision agriculture utilises accurate, func-

tional soil maps to respond site-specifically to the spatiotemporal, within-field variability 

of soil properties with fine-scale, information-based optimisation of farm inputs (e.g., 

fertiliser, herbicides, and seeds) to improve farm profitability, crop productivity, environ-

mental quality, and sustainability (Ge et al., 2011; Mulla, 2013; Thenkabail, 2003; Zhang 

et al., 2002). Therefore, there is a need to identify (crop) management zones, which are 

defined as ‘‘relatively homogenous sub-units of farm fields that can each be managed 

with a different, but uniform, customised management practice’’ (Mulla, 2013). At scales 

finer than soil mapping units, the within-field variability is reflected as soil or vegetation 

patterns in these zones. Therefore, more specific and spatially precise soil information 

is required than what is provided by traditional soil maps (Zhu et al., 2013). 

A decisive soil property influencing soil fertility and productivity is the organic matter 

content. This property has a strong regulating and stabilizing influence on the quality of 

numerous soil functions, especially the role of soil as an efficient storage and buffering 

medium for water, nutrients, and pollutants. Stored amounts of nutrients, cations, and 

trace elements are crucial for plant growth. Moreover, organic matter provides habitat 

and substrate for soil organisms and increases the soil structure building capacity. This 

has a specific aggregate stabilising effect on soil, which improves resistance to erosion 

and moisture retention. As a significant variable in global climate models, organic matter 

plays a key role in the carbon cycle due to its carbon storage ability (Baldock and 

Broos, 2012; Bauer and Black, 1994; Panten et al., 2006; Rice, 2006; Wessolek et al., 

2008). Concerning organic matter evolution and optimal supply, Wessolek et al. (2008) 

pointed out the significance and complexity of site-specific features (e.g., temperature, 

precipitation, soil texture, land management, and land use). Applicable and operational 

organic matter simulation models have not yet been developed for all farming systems 

and agriculturally used soils in Germany. 
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Summarised, precise soil information at multiple scales as well as innovative, inexpen-

sive and rapid soil characterisation techniques and soil property prediction methods are 

urgently required: 

i) to improve soil maps, soil information systems and databases for local, regional, 

national, and European authorities for general policy making, land resource man-

agement, soil protection strategies and environmental monitoring; 

ii) to produce user-friendly functional soil maps (especially of organic matter) for end 

users in precision agriculture (e.g., farming companies); 

iii) as ancillary data for site-specific management information systems in precision ag-

riculture, soil prediction models, hydrological and erosion modelling, carbon stock 

modelling, soil survey preparation and soil fertility calculation. 

1. 2 The Use of Optical Remote Sensing in Soil and Agriculture Science 

To respond to the need for high spatial resolution soil data at multiple scales and inno-

vative soil characterisation and prediction methods, numerous soil-mapping models 

have been created and approaches tested using digital elevation models (DEM), proxi-

mal sensing and/or remote sensing (Ge et al., 2011; Mulla, 2013; Mulder et al., 2011; 

Panda et al., 2010; Zhang et al., 2002). As an indirect and non-contact observation 

method, remote sensing “involves using electromagnetic energy to determine properties 

of targeted objects from a distance and has the advantages of extensiveness, non-

invasiveness, timeliness, and flexibility” (Ge et al., 2011). The combination of non-

invasive proximal sensing sensors (e.g., spectroscopy, soil electrical conductivity sen-

sors, and VNIR sensors) and/or remote sensing systems (e.g., multispectral and 

hyperspectral satellite sensors) with diverse data analysis methods can provide contin-

uous, direct and indirect data on soil physical, chemical and biological properties (e.g., 

organic matter, moisture, texture, pH, nitrogen, salinity, and cation exchange capacity). 

Using remote sensing bare-soil images and/or spectroscopic reflectance of soil samples 

(e.g., in the visible, near- and shortwave-infrared ranges), several soil science studies 

showed that bare soil reflectance is principally influenced by organic matter, soil mois-

ture, clay minerals, soil texture, calcium carbonate and iron oxides (Ben-Dor, 2010; Ji et 

al., 2015; Denis et al., 2014; Thomasson et al., 2001). The relation between soil reflec-

tance characteristics (especially soil colour and soil brightness) and organic matter, soil 

moisture, and/or soil texture has been studied (Hummel et al., 2001; Viscarra Rossel et 

al., 2006, 2009; Singh et al., 2004; Spielvogel et al., 2004). Ben-Dor (2010) highlighted 

that each soil component possesses a characteristic spectral signature according to the 

specific spectral range of strong reflectance. The complexity of soil components and soil 

spectra is a general problem when using remote sensing to determine soil properties 

(Ge et al., 2011). The spatial, temporal and spectral properties of remote sensing sen-

sors determine the scale for which the resulting data can be expected to provide useful 

information. 
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Focusing on precision agriculture, high spatial resolution yields pixels showing homog-

enous soil or crop characteristics. In order to identify and distinguish temporal and static 

patterns in soil or crop properties, a high return frequency (temporal resolution) is an 

advantage (Mulla, 2013). Higher spectral resolution has the potential of providing more 

information on soil properties (Ge et al., 2011). Because of their wide spectral range 

(400-2500 nm) at narrow spectral increments of typically 10 nm, hyperspectral remote 

sensing sensors (>20 spectral channels), including laboratory and field spectroscopy as 

well as aircraft- and satellite-based remote sensing, have great potential for soil data 

acquisition and direct quantification of soil properties (Ge et al., 2011; Mulla, 2013). The 

low spectral resolution of multispectral remote sensing sensors (<20 spectral channels) 

is characterized by broad bands (>40 nm) centred in the spectral regions of B, G, R and 

NIR. Multispectral data are widely used to study the temporal-spatial variability of vege-

tation patterns and to monitor crop conditions, crop biomass, crop yield and growth 

rates by providing values for calculating a wide range of vegetation indices (Dorigo et 

al., 2007; Mulder et al., 2011; Mulla, 2013). Furthermore the relationship between vege-

tation indices such as the ratio-based Normalized Difference Vegetation Index (NDVI; 

Tucker, 1979) and topography (e.g., slope) as well as physical soil properties (e.g., soil 

colour, soil texture, and soil carbon) derived from multispectral remote sensing data has 

been analysed (Singh et al., 2004; Sommer et al., 2003; Sumfleth et al., 2008). Alt-

hough quantitative information on soil properties cannot be measured with the 

qualitative methods of multispectral data (e.g., colour composites, band ratios, indices 

and transformations), there are several advantages over hyperspectral data in terms of 

temporal and spatial resolution, cost, and accessibility of archived data. In comparison 

to proximal sensing, multispectral satellite imagery covers a larger area in less time 

without the need for repetitive sensor calibration and high acquisition frequency. Be-

cause of their high temporal and spatial resolution, multispectral imagery and time 

series are suitable for qualitative and partly quantitative soil information extraction, de-

lineation of management zones, derivation of soil patterns, and mapping soil surface 

units (Ge et al., 2011; Mulder et al., 2011). 

1. 3 Multitemporal Analysis of Soil Reflectance Patterns 

1.3.1 Spectral Reflectance Patterns 

Remote sensing is an indirect and non-physical-contact observation and information 

acquisition method for analysing the characteristics of targeted objects from a distance 

using electromagnetic energy (Ge et al., 2011). According to the source of radiation, 

remote sensing systems can be either i) passive systems based on natural (e.g., solar, 

thermal) radiation or ii) active systems based on radiation from artificial sources such as 

aircraft or satellite-mounted RADAR or LIDAR sensors. The underlying physical princi-

ple of passive remote sensing is the measurement of reflected solar radiation or emitted 

thermal radiation (after absorption of transformed solar radiation) from diverse bodies 

and adjacent areas. The reflection characteristics of each body are determined by its 

particular surface properties, colour, structure and surface texture being the most im-
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portant. These are in turn a consequence of: i) the specific material, ii) its physical and 

chemical state, and iii) surface roughness. Another factor influencing the identification of 

properties is iv) the recording geometry (i.e., the body’s position with respect to the irra-

diation angle of the sunlight). The wide variety of surface properties of different 

materials on the earth surface enables identification of their characteristics by measur-

ing their spectral reflectance patterns or spectral signatures. Spectral reflectance curves 

are used to visualise measured spectral signatures as a function of wavelengths and 

spectral reflectivity (Albertz, 2009; Sabins, 1996; Schowengerdt, 2007). Figure 1-1 illus-

trates the characteristic spectral reflectance curves of dry bare soil and green vital 

vegetation. 

 

Figure 1-1: Spectral reflectance curves of bare soil and vital vegetation and the spectral bands of the 

RapidEye sensor. 

In the visible wavelength range of the electromagnetic spectrum, the spectral reflec-

tance curve of green vital vegetation shows minimal reflectance caused by the leaf 

pigments in plants as well as a steep ascent in the near infrared portion, while the less 

variable spectral reflectance curve of bare soil appears as a continuous, slight ascent 

from the visible to the shortwave infrared range. The bare soil reflectance curve is pri-

marily determined by organic matter, soil texture, soil moisture, surface roughness and 

iron oxide, which produce a characteristic bare soil reflectance pattern (Albertz, 2009; 

Sabins, 1996; Schowengerdt, 2007). 

1.3.2 Multitemporal Analysis 

A single remote sensing data set shows various land use types and vegetation condi-

tions at the time of acquisition, represented in the form of heterogeneous spatial 

reflectance patterns. Focusing on agricultural land use, these heterogeneous reflec-

tance patterns can be categorised as i) static (stable) patterns originating from soil 

properties and ii) temporal patterns caused by crop type, vegetation phenology, land 

management, and clouds or cloud shadows. The RapidEye scene from 24/09/2011 

(Figure 1-2) contains temporal reflectance patterns revealing emerging vegetation, cul-



 

 

 

6 Introduction        

tivation stripes, and tractor paths on agricultural fields with planted crops alongside stat-

ic soil patterns in the form of diverse homogeneous spatial areas of similar brightness 

levels for agricultural fields without vegetation and for bare soil. 

 

Figure 1-2:  RapidEye scene 24/09/2011 (false colour composite: NIR R G) showing cropland in 

northeast Germany. 

The existence of both pattern types in one data set is unproblematic for a field-scale-

based geospatial soil pattern analysis of single fields and field composites, under the 

premise of the same land management practices and vegetation conditions. But this 

coexistence complicates or precludes functional soil mapping at regional/landscape 

scales. To avoid the disturbance of the temporal patterns, a multitemporal approach with 

the advantage of potentially higher pattern stability is obligatory. Instead of monotem-

poral analysis based on a single remote sensing image, a multitemporal approach using 

time series analysis makes it possible to i) evaluate the spatiotemporal variability of the 

soil reflectance pattern as well as ii) create model input data sets composed of multiple 

agricultural fields under bare soil conditions for soil parameter prediction models at the 

landscape scale. For example, Heupel (2013) applied multitemporal analysis to 24 mul-

tispectral remote sensing data sets to compute a mosaic data set composed of multiple 

bare soil images at various times of acquisition. The resulting mosaic data set shows 

830 agricultural field segments covering an area of 244.54 km² at an identified optimal 

time of acquisition for soil surface studies. 
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The most important step in multitemporal soil pattern analysis is separating the static 

soil pattern from the temporal pattern, which requires identifying the most suitable data 

sets (bare soil images) in a time series. Figure 1-3 depicts 16 RapidEye satellite image 

subsets of the same agricultural field under different land use conditions in the time pe-

riod from 2009 to 2012. The images from September 2009, 2010, 2011, and October 

2011 demonstrate bare soil conditions. It can be observed that all bare soil images have 

a similar within-field heterogeneous spatial distribution of the reflectance pattern. 

 

Figure 1-3: RapidEye time series (false colour composites: NIR R G) at a field in Borrentin, northeast 

Germany. 

To obtain a suitably large data series of bare soil images in a short time period, time 

series from remote sensing sensors with high temporal resolution are required. Depend-

ing on the vegetation period and conventional crop rotation, the higher the return 

frequency, the greater the potential of data acquisition for a specific field under bare soil 
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condition within one vegetation/crop cycle (especially in frequently cloudy regions such 

as central Europe). Thus, for multitemporal soil pattern analysis, high resolution multi-

spectral remote sensing data are the best option. They offer not only high temporal 

resolution (1-5.5 days; except for Landsat-8) but also high spatial resolution (6-20 m; 

except for Landsat-8) in the VNIR spectral range as well as large coverage (60-290 

km). Furthermore, the existence of data archives and low costs up to free availability 

are additional advantages. Figure 1-4 illustrates the lower spatial resolution of Landsat-

8 data compared to RapidEye, with the consequence of less capability to delineate pre-

cise spectral reflectance patterns. 

  

  
(a) (b) 

Figure 1-4:  Comparison of spatial resolution in VNIR between (a) RapidEye data (6 m) and (b) Land-

sat-8 data (30 m) (above: true colour composites, R G B; below: false colour composites, 

NIR R G). 

Table 1-1 lists selected operating multispectral state-of-the-art remote sensing satellites 

equipped with high- and very-high-resolution optical sensors potentially applicable for 
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multitemporal soil pattern analysis at multiple scales. Due to the commercial character 

of the very high resolution data sources and the accordingly high costs (~10-32 $/km²) 

as well as the small coverage (≤18 km swath width), very high resolution remote sens-

ing systems are only suitable for modelling at field to local scales. So far, hyperspectral 

remote sensing data are not suitable for multitemporal soil pattern analysis, principally 

due to low data availability. Less grave disadvantages are the high cost of data acquisi-

tion, storage, and processing, as well as the complexity of image processing 

procedures. This means that time series of hyperspectral images from aerial or space 

borne sensors are not available for most locations. Although their very high spectral 

resolution (63 to 220 channels) offers enormous potential for soil parameter quantifica-

tion, current hyperspectral remote sensing satellite sensors such as PROBA/CHRIS 

and Hyperion offer only moderately high spatial resolution (18-36 m) and quite low areal 

coverage (7.5-14 km, depending on the acquisition altitude). This situation may change 

with the upcoming hyperspectral satellite sensor EnMap (planned mission launch in 

2018), whose instrument characteristics should make possible a wider range of applica-

tions in the future (Chapter 5). 

Table 1-1: Selected satellites with high resolution sensors providing data suitable for soil pattern 
analysis (*at Nadir; **free to science community via RapidEye Science Archive (RESA); 
***CAVIS = corrects for Clouds, Aerosols, Vapors, Ice and Snow; ****ACB = Atmospheric 
Correction Band; Res. = Resolution). 

Satellite 

Year / Mission Life 
Spectral Resolution 

Spatial 

Res. 

Return Fre-

quency 

Swath 

Width 
Costs Source 

[years] N [µm] [m]* [days] [km] [$/km²]  

Very High Resolution Remote Sensing Systems 

GeoEye-1 

2008 / 7-15 

1 

4 

0.45-0.8 (PAN) 

0.45-0.92 (VNIR) 

0.41 

1.65 
2.1-8.3 15.2 17.5 

Digital Globe (USA) 

www.satimagingcorp.com 

www.apollomapping.com 

IKONOS 

1999 / 7-16 

1 

4 

0.45-0.90 (PAN) 

0.45-0.85 (VNIR) 

0.82 

0.32 
3-5 11.3 10.0 

Digital Globe (USA) 

www.satimagingcorp.com 

www.apollomapping.com 

Quickbird-2 

2001 / 13 

1 

4 

0.45-0.90 (PAN) 

0.45-0.90 (VNIR) 

0.65 

2.62 
1-3.5 18 17.5 

Digital Globe (USA) 

www.satimagingcorp.com 

www.apollomapping.com 

Worldview-3 

2014 / 10-12 

1 

8 

8 

12 

0.45-0.80 (PAN) 

0.4-1.04 (VNIR) 

1.20-2.37 (SWIR) 

0.41-2.25 (CAVIS***) 

0.31 

1.24 

3.7 

30 

1-4.5 13.1 32.0 

Digital Globe (USA) 

www.satimagingcorp.com 

www.apollomapping.com 

High Resolution Remote Sensing Systems 

Landsat-8 

2013 / >5 

1 

8 

2 

0.50-0.68 (PAN) 

0.43-2.29 (VNIR, SWIR) 

10.6-12.51 (TIR) 

15 

30 

100 

16 
185 x 

170 
free 

USGS (USA) 

www.usgs.gov 

RapidEye 

2008 / >7 
5 0.44-0.85 (VNIR) 6.5 

1-5.5 

 
77 

0.95 

free** 
www.blackbridge.com 

Sentinel-2 

2015 / >7 

13: 

4 

6 

3 

0.44-2.19: 

(VNIR) 

(RedEdge, SWIR) 

(ACB****) 

 

10 

20 

60 

5 290 free 
ESA 

www.earth.esa.int 

SPOT-6/-7 

2012/2014 / ~10 

1 

4 

0.45-0.74 (PAN) 

0.45-0.89 (VNIR) 

1.5 

6 
1 60 5.15 

SPOT Image Astrium 

(France) 

www.apollomapping.com 
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1. 4 Research Objectives 

Addressing the demand for qualitative and quantitative soil information for numerous 

applications (e.g., in precision agriculture), the primary research objective of this disser-

tation is to evaluate the usefulness of spatiotemporal static soil reflectance patterns 

derived from high resolution multispectral remote sensing imagery using the reflection 

signal from soils for modelling and mapping the spatial distribution of organic matter to 

produce user-friendly precise functional soil maps at multiple scales. The focus is on 

croplands (agricultural fields). To make this evaluation possible, multitemporal analysis 

of multispectral remote sensing imageries showing bare soils is combined with statisti-

cal analysis of laboratory-analysed soil samples collected from agricultural fields. This 

leads to the following secondary research objectives (RO): 

RO1: Derivation of spatiotemporally static soil patterns from satellite imagery; 

RO2: Generation of up-to-date, precise, functional organic matter soil maps at the field 

scale based on local prediction models using laboratory-analysed organic matter 

values from static, homogenous soil reflectance patterns; 

RO3: Method development of a workflow for a field-scale-based, user-friendly, time- and 

cost-efficient, operational analysis – multitemporal soil pattern analysis (MSPA) for 

short – primarily based on optical remote sensing data; 

RO4: Method conversion of MSPA from the field scale to the multi-field landscape scale 

including functional organic matter soil map generation at the landscape scale 

based on regional organic matter prediction models; 

RO5: Evaluation of the method transferability (without the need for extra soil sampling) 

and organic matter prediction potential by applying MSPA to other agricultural 

fields with the same soil landscape. 

This work ought to detect the static reflectance pattern of bare soil images and make it 

possible to evaluate their spatiotemporal stability. Furthermore, identified static soil pat-

terns are investigated regarding their relationships to soil properties (especially organic 

matter), to develop both a field-site specific (local) and a regional prediction model, con-

sidering the physical-geographical characteristics of the study area for functional soil 

mapping of the corresponding soil parameters at multiple scales. For this purpose, the 

specified MSPA method was developed in the Demmin study area at a single demon-

stration field, tested for single fields and field composites, and converted from the field 

scale to the multi-field landscape scale. To analyse the method transferability and the 

organic matter prediction potential, the steps undertaken for the MSPA analysis, includ-

ing a regional organic matter prediction model from the study area Demmin, are applied 

to single fields in the Quillow catchment area. 

Each step in the analysis is briefly described in the context of the corresponding re-

search study in Section 1.6. 
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1. 5 Research Area 

The research area is located in the north-eastern lowlands of Germany, in the sparsely 

populated (≤83 inhabitants per km²) and agriculturally intensively used (>80% cropland, 

mainly cereal crops) states Mecklenburg-Western Pomerania and Brandenburg (Figure 

1-5) (Amt für Statistik Berlin-Brandenburg, 2014; Statistisches Landesamt Mecklenburg-

Vorpommern, 2013). Representative of the young morainic soil landscape of northern 

Germany, its typical glacial morphological features, such as vast ground moraine areas, 

push (terminal) moraines, lake basins, glacial valleys, eskers, kettle holes, and sandars, 

were formed by recurring glacial processes during the Weichselian Glaciation of the last 

Pleistocene period. Because of substantial differences in relief, parent substrate materi-

al, and distance to the groundwater table, characteristic soil types (e.g., Cambisols, 

Luvisols, Albeluvisols, and Stagnosols) evolved. Peaty soils are situated in the flood-

plains (Bundesanstalt für Geowissenschaften und Rohstoffe, 2006, 2010). 

 

Figure 1-5:  Location of research areas in Germany (red rectangles) comprising the “Demmin” study 

area and the “Quillow catchment” study area (red lines) with the corresponding test sites 

(yellow polygons). 

For method development, calibration/validation, and transfer, two study areas, “Dem-

min” and the “Quillow catchment area” (Figure 1-5) were selected to represent the 

topographical, pedological and geomorphological characteristics of the research area. 

Located near the city of Demmin (53°54′N, 13°3′E), the 834-km² “Demmin” study area 

(upper left corner: 54°3′N, 12°53′E, lower right corner: 53°48′N, 13°20′E) contains five 

test sites composed of 16 agricultural fields. The “Quillow catchment” study area (291 
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km²) is situated northwest of the city of Prenzlau (53°18′N, 13°51′E) and consists of five 

agricultural test site fields. 

A detailed description of the study-area-specific, physical-geographic and land-use 

characteristics is found in Chapter 2 and Chapter 3 for the “Demmin” study area and in 

Chapter 4 for the “Quillow catchment” study area. 

1. 6 Method Finding 

To meet the research objective, image processing and segmentation techniques for soil 

pattern detection were first evaluated and a suitable remote sensing satellite sensor 

was selected. This section describes the preliminary steps towards method finding. 

1.6.1 Selection of Suitable Remote Sensing Satellite Sensor 

To study the complexity of the soil and vegetation reflectance patterns, the multispec-

tral, state-of-the-art RapidEye satellite system (Table 1-1) was chosen as suitable 

remote sensing satellite sensor based on the explanations in Section 1.3.2. This satel-

lite system is composed of five identically constructed satellites and offers high spatial 

resolution (6.5 m), high return frequency (5.5 days at nadir), large coverage (77 km 

swath), and the highly accessible RapidEye Science Archive, which makes data availa-

ble at no cost for the science community. The optical RapidEye sensors record in five 

spectral channels (B, G, R, RE, NIR) at wavelengths between 0.44 µm and 0.85 µm of 

the electromagnetic spectrum, combining the full visible spectrum (VIS) with a portion of 

the infrared spectrum (NIR) (Figure 1-1). 

1.6.2 Evaluation of Suitable Soil Reflectance Pattern Detection Methods 

Digital image processing reduces disturbance impacts on data and prepares images for 

consecutive processing, information extraction and interpretation using simple or com-

plex computer algorithms. Based on mathematical transformation functions, input 

images are transformed into informative, corrected or enhanced output images. Geo-

metric transformations change the shape of images (e.g., for image data distortion 

correction, georeferencing), whereby radiometric transformations modify the digital 

numbers (DN) (e.g., to eliminate atmospheric disturbance affecting reflectance values). 

For image enhancement, feature extraction and pattern recognition, spectral operations 

are among the widely used digital image processing techniques that allow specific iden-

tification and display optimisation of the study-relevant image content. The resulting 

(sometimes synthetic) images are the basis for subsequent thematic classification or 

are used as ancillary data for diverse environmental models. Spectral operations can be 

categorised as i) relatively simple arithmetic pixel operations such as data sums and 

differences, colour mixing and multispectral ratios (e.g., vegetation indexes) or ii) more 

complex pixel operations such as spectral transformations. In a multitemporal approach, 

these techniques are highly suitable for change detection or pattern stability analysis. 

For spectral transformation, generally a linear or nonlinear function – depending on the 
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objectives – is applied to the input data set to alter the spectral space. This converts the 

spectral data to another data space without adding new information to the image, but 

rather by redistributing the original information. The resulting transformed images are 

normally easier to interpret than the original input data sets (Albertz, 2009; Sabins, 

1996; Schowengerdt, 2007) and decrease considerably the computational requirements 

for consecutive image processing. 

In order to evaluate which digital image processing technique enables accurate soil re-

flectance pattern detection of bare soil images previously selected from time series, the 

following spectral transformations were tested using both a single image (monotemporal 

approach) and an image stack (multitemporal approach) of a demonstration field under 

bare soil conditions: 

1. Principal Component (PC) Transformation, 

2. Standardised Principal Component (PCst) Transformation, 

3. Maximum Noise Fraction (MNF) Transformation, 

4. Independent Component (IC) Transformation. 

Principal Component (PC) Transformation 

One of the best complex spectral/pixel operations in remote sensing for analysing highly 

correlated multidimensional data without harming all spectral band information (Panda 

et al., 2010), is PC transformation, a linear transformation of correlated original spectral 

bands. The goals are to i) remove redundant information from all spectral bands, ii) iso-

late noise components, iii) reduce the dimensionality of data sets without significant 

information loss, and iv) produce uncorrelated output bands. The PC analysis deter-

mines a new set of orthogonal axes with the origin at the data mean and rotates these 

axes to a data variance maximum (Figure 1-6). 

 

(a) (b) (c) 

Figure 1-6: Principle of PC transformation demonstrated in a two dimensional feature space (modi-

fied after Prinz, 1995 and Schowengerdt, 2007). 

This orthogonal decomposition of the commonly unstandardized PC analysis uses the 

eigenvectors of the covariance matrix and is based on the Gaussian assumption. The 
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resulting PC bands demonstrate a set of linearly uncorrelated variables. This enables 

identification of patterns in the data describing the spectral variance, highlighting their 

similarities and differences, to expose the underlying dimensionality of multivariate data 

and to compress image data (Mulla, 2013; Abdel- Kader, 2011; Smith, 2002). The PC 

transformation procedure is widely applied in change detection studies using remote 

sensing imagery to re-arrange image information according to the assumption that the 

percentage area of change is relatively smaller than the percentage area of no change; 

stable areas show up in the lower-order PCs, and changing areas in the higher-order 

PCs (Richards, 1984; Ingebritsen and Lyon, 1985). Because the PC transformation is 

applied to bare soil images in this preliminary study, this assumption is deemed valid. 

Consequently, the information on stable bare soil areas appears in the lower-order PC 

bands. 

Applying PC transformation to monotemporal and multitemporal bare soil images yields 

good soil reflectance pattern detection results almost without any noise in the multitem-

poral image stack (layer stack) (Figure 1-7). PC transformation is an optimal tool for 

data compression with the disadvantage that resulting features/patterns have different 

interpretations for different images, caused by underlying data dependency. The eigen-

vectors of the covariance matrix used considerably limit the potential of parameter 

transfer to other study sites. 

 

Figure 1-7: PC transformed monotemporal and multitemporal bare soil images at different acquisition 

times. 

Standardised Principal Component (PCst) Transformation 

To improve the signal-to-noise ratio, image enhancement, and alignment along the ob-

ject of interest, PCst transformation is the standardised version of the previously 

described PC transformation using the correlation matrix (Li and Yeh, 1998; Singh and 

Harrison, 1985; Fung and LeDrew, 1987; Eastman and Fulk, 1993) instead of the covar-
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iance matrix. Thus, the original bands are effectively normalised to equal and unit vari-

ance, which might be an advantage when data with different dynamic ranges are 

combined (Schowengerdt, 2007). Here, the data compression is slightly reduced com-

pared to unstandardised PC transformation. Nevertheless, PCst transformation is a 

powerful tool for soil reflectance pattern detection that additionally permits and assures 

an easy-to-perform transfer of identical transformation parameters (correlation matrix) 

from one study site to another, thus transferring identical soil pattern detection charac-

teristics (Figure 1-8). 

 

Figure 1-8:  Standardised PC transformed monotemporal and multitemporal bare soil images at dif-

ferent acquisition times. 

Maximum Noise Fraction (MNF) Transformation 

Green et al. (1988) modified the conventional PC transformation to enhance the separa-

tion of image noise appearing in one or several original image bands (Schowengerdt, 

2007) as well as to identify the inherent dimensionality of image data. MNF transfor-

mation (also known as Minimum Noise Fraction) is a linear transformation based on two 

consecutive data reduction procedures or two cascaded PC transformations. The first 

procedure (known as noise whitening) decorrelates and rescales the noise in data using 

the noise covariance matrix. This transformation leads to the data unit variance and no 

band-to-band correlations. Afterwards, the second procedure leads to a PC transfor-

mation of the noise-whitened data taking into account the original correlations from the 

input image. Thus, a set of components is generated representing weighted information 

about the variance across all bands in the raw data set.  

The tested application of MNF transformation to monotemporal and multitemporal bare 

soil images detects soil reflectance patterns relatively well (Figure 1-9), but compared to 

PC and PCst transformations at the cost of a relatively high signal-to-noise ratio. The 

main disadvantage of MNF is that the noise spectral covariance matrix must be known 
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or estimated. Furthermore, two spectral operations might complicate method transfera-

bility from one study site to another one (Green et al., 1988; Schowengerdt, 2007). 

 

Figure 1-9: MNF transformed monotemporal and multitemporal bare soil images at different acquisi-

tion times. 

Independent Component (IC) Transformation 

As a tool for blind separation, linear IC transformation is commonly applied to multispec-

tral or hyperspectral images to transform a mixed and random signal group into 

reciprocally independent components, if prior information on the mixing does not exist. 

To expose specific features of interest in non-Gaussian data sets (even if the features 

appear only in a small number of pixels), the non-Gaussian assumption of independent 

sources builds the transformation basis using stronger statistical assumptions (higher-

order statistics). Primarily, IC transformation of remote sensing data enables dimension 

reduction, feature extraction and separation, anomaly and target detection, and noise 

reduction. The advantages of IC analysis over PC analysis are that IC analysis i) is free 

of the dependency of the Gaussian assumption and ii) uses higher order statistics ver-

sus the second order statistics of PC analysis. Moreover, in IC analysis interesting 

features that exist in only a small portion of the image pixels are differentiated from the 

noisy bands, which PC analysis cannot accomplish (Hyvarinen, 1999; Hyvarinen and 

Oja, 2000). 

Figure 1-10 presents tested IC transformation results, which show lower signal-to-noise 

ratios than in the case of MNF outputs. The dimension reduction to one single band is 

low and quite noisy, especially for the multitemporal image. 
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Figure 1-10: IC transformed monotemporal and multitemporal bare soil images at different acquisition 

times. 

As a conclusion of this preliminary evaluation of spectral transformation techniques for 

precise soil reflectance pattern detection, the standardised Principal Component (PCst) 

transformation was considered to be the best option for reliably detecting soil reflec-

tance patterns, assuring method transferability, and meeting the requirements for 

method development in this research. 

1.6.3 From Object-based To Pixel-based Analysis 

For this research, a geospatial object based image analysis (OBIA) approach for seg-

mentation and classification of selected bare soil images was initially considered for 

analysing detected soil reflectance patterns. The idea of OBIA is to group similar pixels 

to image objects (segments) according to the degree of homogeneity in single or multi-

ple dimensions, determined by spectral properties (e.g., colour, spectral reflectance), 

size, shape, and texture as well as by additional spatial context information obtained 

from surrounding pixels and diverse image objects through distance, neighbourhood 

and topology analysis. The inclusion of context information is the main advantage of 

OBIA methods compared to pixel based approaches (Blaschke, 2010). The segmenta-

tion process is based on user-defined specific parameter settings using a trial-and-error 

method combined with individual experience. As a result, identified “best” segmentation 

parameter settings may not be transferable from the original image to a similar image. 

Moreover, the classification of image objects is usually counted as user-knowledge-

based (supervised), exploiting feature parameters regarding colour (e.g., mean bright-

ness, band ratio), size (e.g., area, length-to-width ratio), shape (e.g., roundness, 

asymmetry), texture (e.g., smoothness, local homogeneity) and context information (re-

lation to neighbours). Blaschke (2010) provides a comprehensive research review 

based on an evaluation of over 820 articles on the OBIA concept. This review demon-

strates that OBIA is primary used for image analysis of discrete objects such as (urban) 

land cover types, land use types, habitat detection, and crop and vegetation types. In a 
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few cases, OBIA was used in soil science related studies (Brodský and Borůvka, 2006; 

Corbane et al., 2008). Generally, OBIA seems to be less suitable for continuous objects 

and parameters. Problematic for OBIA application in soil science is that soil is repre-

sented as a single object following specific continuous gradients expressed in soil 

reflectance patterns originating from complex interactions of physical and chemical soil 

parameters (Section 1.3.1), which are never discrete. This complexity leads to difficul-

ties in the classification and interpretation of OBIA-segmented soil reflectance patterns. 

Due to the continuous character of soils, segmented and classified bare soil objects 

sharply distinguished from each other will not represent natural soil conditions. 

A combination of bare soil images and DEM may solve the classification and interpreta-

tion problems because of the available relief-based context information. Since the 

research objective is to develop an operational analysis workflow transferable to other 

agricultural fields, this research is based only on optical satellite data reflectance with-

out considering DEM data. High resolution DEM data are costly and not everywhere 

available, and freely available DEM data (e.g., SRTM) would not significantly improve 

the modelling because of their low resolutions. 

In order to take into account the continuous character of soils as well as to avoid classi-

fication errors due to limited knowledge of reflectance-pattern-related soil properties, a 

traditional pixel based approach was finally chosen. It uses pixel-specific raster calcula-

tions based on statistical correlation analyses between digital values corresponding to 

detected soil reflectance patterns and laboratory-analysed soil parameter values. This 

approach enables accurate and (near-) natural soil pattern recognition and classifica-

tion. 

1. 7 Structure of Thesis 

In addition to the introduction (Chapter 1) and the synthesis (Chapter 5), this cumulative 

thesis is composed of three original research articles (Chapter 2 to Chapter 4), written 

as stand-alone manuscripts for international peer-reviewed journals and accordingly 

kept in their original structure. Two manuscripts were published in “Computers and Elec-

tronics in Agriculture” (30 January 2015) and “Remote Sensing” (28 August 2015). The 

third article was recently submitted to “Geoderma” (15 October 2015). 

1. Blasch, G., Spengler, D., Hohmann, C., Neumann, C., Itzerott, S., Kaufmann, H. 

(2015). Multitemporal soil pattern analysis with multispectral remote sensing data at 

the field-scale. Computers and Electronics in Agriculture, 113, p. 1-13.  

Doi:10.1016/j.compag.2015.01.012 (Chapter 2); 

2. Blasch, G., Spengler, D., Itzerott, S., Wessolek, G. (2015). Organic matter model-

ling at the landscape scale based on multitemporal soil pattern analysis using 

RapidEye data. Remote Sensing, 7, p. 11125-11150. 

Doi:10.3390/rs70911125 (Chapter 3); 
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3. Blasch, G., Spengler, D., Itzerott, S., Hierold, W., Sommer, M., Wessolek, G. Evalu-

ation of regional organic matter prediction models based on multitemporal soil 

pattern analysis using RapidEye imagery for the Quillow catchment area in North-

east Germany. - Submitted to Geoderma, Elsevier on 15 October 2015 (Chapter 4). 

The first manuscript presents the self-developed MSPA approach for generating basic 

soil information maps for precision agriculture, created at a single demonstration field. 

The second article proposes the generation of a multi-field landscape-scale version of 

the previously developed, field-scale-based MSPA model for organic matter estimation. 

In the third manuscript, the application potential of the regional organic matter prediction 

model, developed for the Demmin study area, is analysed for distant agricultural fields 

with the same soil-landscape background (here the Quillow catchment area) using and 

transferring the MSPA method in combination with RapidEye satellite imagery. 

Chapter 2: Multitemporal soil pattern analysis with multispectral remote sensing 

data at the field scale 

In this research study, a new model – the field-scale MSPA method – is developed 

based on multitemporal multispectral remote sensing data (here: RapidEye) analysis 

and GIS spatial data modelling to produce user-friendly, cost-efficient basic soil infor-

mation maps at the field-scale for precision agriculture (RO1, RO2, RO3). The analysis 

workflow and corresponding underlying principles are explained in detail. The potential 

of the proposed method is studied at a demonstration agricultural field located in the 

young morainic soil landscape of north-eastern Germany. The results of the analysis of 

the relationship between soil properties and bare soil reflectance patterns are presented 

and discussed comparing the multitemporal versus the monotemporal approach. It is 

shown that the multitemporal approach leads to an improved initial functional soil map 

of organic matter due to the evaluation of the spatiotemporal stability of the soil reflec-

tance patterns. The working steps are to: 

• develop the MSPA method by identifying the most suitable remote sensing data 

sets, detecting soil reflectance patterns, analysing the relationship between spectral 

patterns and soil parameters, and evaluating the spatiotemporal pattern variability; 

• prove the potential of MSPA in comparison with monotemporal analysis; 

• compute field-specific functional soil maps based on identified soil reflectance pat-

terns and related soil properties (with a focus on organic matter); 

• improve these soil maps based on the detected static homogenous soil pattern. 

Chapter 3: Organic matter modelling at the landscape scale based on multitem-

poral soil pattern analysis using RapidEye data 

The main objective of this study is to develop a multi-field landscape-scale MSPA meth-

od for organic matter prediction using RapidEye time series (RO4). On the basis of the 

field-scale MSPA, the method advancement towards achieving a landscape-scale ver-
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sion including the related analysing steps is demonstrated. A representative regional 

prediction model is developed and bare soil image mosaics for the agricultural fields in 

the study area are computed. The quality of the resulting organic matter soil map at the 

landscape scale is discussed in comparison to field-specific organic matter soil maps by 

reference to single fields and field composites with varying geomorphological, topo-

graphical and pedological backgrounds in the young morainic soil landscape. For 

organic matter modelling in the Demmin region, the cost-efficiency and high operability 

of the MSPA method including all application steps and the most suitable temporal win-

dow of RapidEye imagery are outlined. The working steps are to: 

• analyse the quality and robustness of the field-scale MSPA method to estimate soil 

properties (especially organic matter) for single fields and field composites with var-

ying geomorphological, topographical and pedological backgrounds in the young 

morainic soil landscape; 

• establish a representative regional organic matter prediction model for the study 

region; 

• compute bare soil image mosaics covering the agricultural fields of the study re-

gion; 

• produce a landscape-scale functional organic matter soil map based on the regional 

prediction model and bare soil image mosaics. 

Chapter 4: Evaluation of Regional Organic Matter Prediction Models Based on 

Multitemporal Soil Pattern Analysis Using RapidEye Imagery for the Quillow 

Catchment Area in Northeast Germany 

This study investigates the method transferability and the potential of regional organic 

matter prediction models based on the MSPA methods using RapidEye imagery (RO5). 

The focus concentrates on the validity of the regional organic matter prediction model 

“Demmin” for distant agricultural fields with the same soil-landscape background (here 

the Quillow catchment area). Modelling results are demonstrated and discussed in the 

context of local field-specific and regional study-area-related predicted organic matter 

values. To cover a larger agricultural area and a wider range of physical-geographical 

features of the young morainic soil landscape, a transregional organic matter prediction 

model is developed and included in the model discussion. The operability and applica-

tion steps of the transregional model using MSPA are described in detail. The working 

steps are to: 

• produce a functional organic matter soil map at the landscape scale for the Quillow 

catchment area based on the regional prediction model “Demmin” using the multi-

field landscape-scale MSPA method; 

• evaluate the application potential of the regional model “Demmin” compared to i) 

creating field-specific local prediction models for each test site using field-scale 
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MSPA and ii) using an existing representative regional organic matter prediction 

model for the study region. 

The references are located separately at the end of the corresponding chapter. 
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2 Multitemporal Soil Pattern Analysis with Multi-

spectral Remote Sensing Data at the Field-

Scale1

 

Abstract 

This research proposes a new model for the generation of basic soil information maps 

for precision agriculture based on multitemporal remote sensing data analysis and GIS 

spatial data modelling. It demonstrates (i) the potential of multitemporal soil pattern 

analysis (ii) to generate functional soil maps at field scale based on soil reflectance pat-

terns and related soil properties and (iii) how to improve these soil maps based on the 

identification of static homogenous soil patterns by excluding temporal influences from 

the developed prediction model. Principal components and per-pixel analyses are used 

for the separation of static soil pattern from temporal reflectance pattern, influenced by 

(vital and senescent) vegetation and land management practices. The potential of the 

proposed algorithm is investigated using multitemporal multispectral RapidEye satellite 

imagery at a demonstration field “Borrentin” field in Northeast Germany. 

Keywords: Precision agriculture; site-specific management; remote sensing; GIS; mul-

titemporal; soil pattern; spatiotemporal variability; bare soil; organic matter 

  

                                               

1 Published: Blasch, G., Spengler, D., Hohmann, C., Neumann, C., Itzerott, S., Kaufmann, H. (2015). 
Comput. Electron. Agric. 113, 1–13. Doi: http://dx.doi.org/10.1016/j.compag.2015.01.012 (Author’s Post-
print version) 
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2. 1 Introduction 

Soil maps provide basic knowledge regarding soil-landform interactions and soil varia-

bility across diverse landscapes (Zhu et al., 2013). Qualitative and quantitative soil data 

at different scales (landscape- or field-scale) are increasingly desired for (1) general 

policy-making, land resource management and environmental monitoring and (2) more 

precise applications in precision agriculture, hydrological modelling and soil landscape 

studies (Franzen et al., 2002; Lin et al., 2005a, 2005b; Robert, 1993). 

The concept of precision agriculture is based on the presence of temporal and spatial 

within-field variability of soil and crop characteristics (Zhang et al., 2002). Precision ag-

riculture responds to this variability with fine-scale information-based optimization of 

farm inputs (e.g., fertiliser, herbicides, and seeds) to increase farm profitability, crop 

productivity, environmental quality and sustainability (Ge et al., 2011; Mulla, 2013). The 

nucleus of site-specific management (SSM), a common precision agriculture practice, is 

the identification of (crop) management zones as “relatively homogenous sub-units of 

farm fields that can each be managed with a different, but uniform, customised man-

agement practice” (Mulla, 2013). Management zones usually reflect within-field 

variability at scales finer than soil mapping units in the form of soil pattern or vegetation 

pattern. Addressing site-specific variability requires more specific information regarding 

the soil properties (i.e., mapped on functional soil maps) than can be offered by tradi-

tional soil maps based on conceptual generalization-models of remotely sensed data, 

direct field survey, and special knowledge of soil, terrain, geology, vegetation and hu-

man factors (Zhu et al., 2013). 

In recent years, numerous quantitative soil mapping models and approaches for the 

determination of soil properties at the field-scale based on DEM, proximal and/or re-

mote sensing data have been developed. Spatial and geostatistical techniques, such as 

inverse distance calculations, various kriging-procedures, fuzzy clustering algorithms 

(Birrell et. al., 1996; Gotway et al., 1996; Guo et al., 2013; Liu et al., 2008; López-

Granados, et al. 2005; Sumfleth and Duttmann, 2007; Triantafilis et al., 2009; Yan et al., 

2007; Zhu et al., 2013), can transfer punctual quantitative soil property data to fine-

scale soil maps, depending on the sampling strategy and the accuracy of the extensive, 

time-consuming and costly field survey. Non-invasive proximal and remote sensors and 

their corresponding physical-based or empirical-based data analysis methods have 

been approved as potentially effective, rapid and cost efficient (Mulder et al., 2011) and 

provide continuous, direct or indirect data on physiochemical soil properties depending 

on spatial, temporal or spectral sensor resolution. Several studies have analysed the 

relationships between soil reflectance characteristics, such as soil colour and soil 

brightness/lightness, and soil properties (Hummel et al., 2001; Viscarra Rossel et al., 

2006, 2009; Singh et al., 2004; Spielvogel et al., 2004). 

Ge et al. (2011), Mulla (2013), Plant (2001), Panda et al. (2010) and Zhang et al. (2002) 

offer a research overview of proximal sensing systems (e.g., spectroscopy, soil electri-

cal conductivity sensors, and NIR-sensors) and remote sensing systems (e.g., multi- 
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and hyperspectral satellite sensors and LIDAR based DEMs), as well as their applica-

tions in agriculture and soil science, including crop yield, biomass, crop nutrients, water 

stress, infestations of weeds, insects and plant diseases, hail or wind damage and es-

pecially soil properties (e.g., organic matter, moisture, texture, pH, nitrogen, salinity, and 

cation exchange capacity). 

Although quantitative information regarding soil properties could not be measured di-

rectly using qualitative multispectral data methods (e.g., colour composites, band ratios, 

indices, and transformations), there are several advantages to the use of multispectral 

(low-spectral-resolution) data for SSM applications: (1) very high return frequency, (2) 

spatial resolution, (3) existing data archives, (4) relatively low costs and (5) accessibility. 

The cause of high-temporal and high-spatial resolution multispectral imagery and time-

series are suited for information extraction of qualitative determinations, delineation of 

management zones, deriving soil patterns and determining and mapping soil surface 

units (Ge et al., 2011; Mulder et al., 2011). 

Sommer et al. (2003) remarked that in addition to technical and methodical progress, a 

deeper understanding of temporal-spatial variability and soil pattern properties as well 

as the underlying development processes is still highly demanded, especially for choos-

ing best-SSM practices. McBratney (2000, 2003) reviewed various hybrid approaches 

of quantitative soil pattern analysis. 

For precision agriculture application in Germany, Lamp et al. (2001, 2002) presented 

the concept of “Digitale Hofbodenkarte” as a data fusion model based on field surveys, 

existing soil maps (e.g. Bodenschätzung 1:10.000), proximal sensors (EM38-sensor, 

NIR-sensor) and products of remote sensing (e.g., soil, phenology, yield maps). Be-

cause ECa is sensitive to numerous soil properties, such as texture (i.e., clay content), 

mineralogy, soil moisture and salinity (Corwin and Lesch, 2005), its use may be prob-

lematic in hilly to undulating young morainic soil landscapes composed of closely linked 

wet, boggy depressions and kettle holes with loamy, clayey peaks and plateaus, such 

as in north-eastern Germany (Lamp et al., 2004). 

We present a model for functional soil mapping at the field-scale for precision farming 

based on multitemporal remote sensing data analysis and GIS spatial data modelling. 

The objectives are (i) to demonstrate the potential of multitemporal soil pattern analysis 

in comparison with monotemporal analysis, (ii) to generate functional soil maps based 

on identified soil reflectance patterns and related soil properties, and (iii) to improve 

these soil maps based on the detected static homogenous soil pattern. For data mining 

purposes, NDVI-thresholds and phenological data were used to select the most suitable 

RapidEye datasets out of 40. Because of the high spatial and temporal resolution of the 

multispectral imagery, the temporal-spatial static soil pattern could be derived using im-

age-processing methods, such as standardized principal components analysis and per-

Pixel-algorithms. This allowed the production of a highly significant functional soil map 

with respect to organic matter for the field outside of Borrentin in northeast Germany. 
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2. 2 Materials and Methods 

2.2.1 Study Area 

The multitemporal soil pattern approach was tested on a 131-ha agrarian field 

(53°48′9′′N, 12°58′13′′E) directly south of the village of Borrentin and 12 km south of 

Demmin in the north-eastern lowlands of Germany. The “Borrentin” field is located in the 

intensively used agricultural state Mecklenburg-Western Pomerania, consisting of 

80.3% farmland, 19.5% grassland/pastureland and 0.2% other agrarian land use. In 

2012, the main crops were cereal crops (55.5%), feed crops (19.3%), oleaginous fruits 

(18.6%), root crops (3.6%), legume crops (0.4%) and others (2.6%) (Statistisches 

Landesamt Mecklenburg-Vorpommern, 2013). 

Due to its geomorphological features, including (sandy-) loamy morainic parent material 

of the late Pleistocene, kettle holes and slightly undulated relief, the study site is charac-

teristic of the young morainic soil-landscape of northern Germany (Bundesanstalt für 

Geowissenschaften und Rohstoffe, 2006). Stagnosols, Luvisols and their transitional 

types evolved from unconsolidated glacial till and colluvial soils from eroded loamy ma-

terial or deposits over former bogs (Zentrales Geologisches Institut, 1942; 

Bundesanstalt für Geowissenschaften und Rohstoffe, 2006). The elevation ranges be-

tween 39.3 m and 52.1 m above sea level (mean: 42.4 m; standard deviation 2.4 m), 

and slope angle between 0° and 7° (mean: 1.1°, standard deviation: 1.1) (Bundesamt 

für Kartographie und Geodäsie, 2014). At the field-scale, the “Borrentin” field has a low 

depression from southwest to northeast, with a high concentration of kettle holes and a 

more textured south-easterly adjacent area with relatively steep slopes and a few kettle 

holes concentrated in gullies (Figure 2-1) (Bundesamt für Kartographie und Geodäsie, 

2014). 

Hydrologically, the Borrentin field drains subterraneously via a natural slope gradient 

from southwest to northeast, crossing the depression towards the creek “Galgenbach”, 

which flows into the River Peene 3 km northeast of the 32-km² Kummerower Lake 

(Bundesamt für Kartographie und Geodäsie, 2012). The present climate is character-

ized by a long-term (1981-2010) mean temperature of 8.7° C and mean precipitation of 

584 mm/yr, measured at the Teterow weather station, 26 km west of Borrentin (DWD, 

2014a, 2014b). 
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Figure 2-1: Digital Elevation Model (resolution: 10 m) of Field Borrentin (Bundesamt für Kartographie 

und Geodäsie, 2014). 

In general, the study area is located at the test site of DEMMIN® (Durable Environmen-

tal Multidisciplinary Monitoring Information Network; upper left corner: 54°2′N, 12°52′E, 

lower right corner: 53°45′N, 13°27′E), which was installed in 1999 by the German Aero-

space Centre (DLR) as a calibration and validation test site for national and 

international remote sensing missions. Since the installation of the TERENO North-

eastern German Lowland Observatory (TERENO-NE) in 2011, managed by the German 

Research Centre for Geosciences Potsdam (GFZ), both institutions have cooperated in 

the region of Demmin. The primary objective of TERENO is long term monitoring (>15 

years) and analysis of environmental change. Further specific goals of the TERENO 

remote sensing research group at GFZ are (1) supplying environmental data for algo-

rithm development in remote sensing and environmental modelling, with a focus on soil 

moisture and evapotranspiration, and (2) practical tests of remote sensing data integra-

tion in agricultural land management practices. 

2.2.2 Baseline Data 

For model generation and validation as well as data interpretation, comprehensive soil 

sampling and analysis were conducted. Table 2-1 shows all input data and their specific 

characteristics. 

Table 2-1: Baseline data and specific data characteristics. 

Category Data Characteristics 

Remote 

Sensing 

RapidEye 

Source: RapidEye Science Archive (RESA) & German 

Aerospace Centre (DLR) 

Spectral bands: 5 (B, G, R, RE, NIR) 

2009: 8 (April - September) 

2010: 6 (June - October) 

2011: 16 (March - November) 

2012: 10 (January - October) 

Ground truth 
Phenological data 

Source: German weather service (DWD) (DWD, 2013) 

Observation stations: 5 (Dargun, Greifswald, Teusin, 

Tuetpatz, Tutow) 

Initial date for each phenological macro stage per crop 
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Crop data 

Source: Agrarservice Vorpommern GmbH 
Crop information (crop type) 

Meteorological data (precipitation) 

Source: German weather service (DWD) (DWD, 2014a) 
Greifswald meteorological station 

Soil data 

Source: German Research Centre for Geosciences 

Potsdam (GFZ) 

Soil surface mixed sample: 170 

Soil properties: texture, soil acidity, organic matter 

content, and CaCO3 

 

Remote Sensing Data 

To analyse the complexity of the soil and vegetation reflectance patterns, a multispec-

tral, state-of-the-art sensor with high spatial and temporal resolution was needed. Due 

to its 5.5 days return frequency (at nadir), 6.5 m spatial resolution and the accessibility 

of the existing data archives, the RapidEye satellite system was chosen. In total, 43 

radiometric calibrated and georeferenced RapidEye scenes (Level 1B, Level 3A) from 

April 2009 to October 2012 were obtained from the RapidEye Science Archive (RESA). 

After atmospheric correction using ATCOR for ERDAS IMAGINE and image to image 

co-registration using an in-house developed algorithm (Behling et al., 2014), coordinate 

transformation, cartographic projection and clipping to the extent of the study site, the 

resulting RapidEye subsets of the Borrentin field were used as the basis for further im-

age analysis. From each RapidEye subset, NDVI-images were derived, and their 

descriptive statistics were analysed. 

Vegetation Data 

Vegetation parameters, such as crop type, phenology and NDVI-index, characterize the 

vegetation and plant conditions at the time of acquisition. Based on the BBCH-scale 

(Meier 2001), for each phenological macro-stage ((0) germination, (1) leaf development, 

(2) tilling, (3) stem elongation, (4) booting, (5) inflorescence emergence/heading, (6) 

flowering/anthesis, (7) development of fruit, (8) ripening, and (9) senescence) of winter 

wheat and winter rape, the mean values of the initial dates were calculated from all 

phenological data from five observation stations (Table 2-1). These mean values repre-

sent the regional starting date of each phenological macro stage for each crop type. 

Therefore, all RapidEye subsets of the Borrentin field could be assigned to the corre-

sponding BBCH-phenological stage based on the crop type. Finally, the annual crop 

information obtained was transformed into GIS-data through digitalization and vectoriza-

tion. 

Soil Sampling and Analysis 

In October 2013 a total of 170 soil samples were collected from the study site. To re-

ceive a representative soil sample dataset a SW-NE-orientated grid sampling strategy 

was developed taking into account existing soil maps, digital elevation model and visible 

soil patterns based on soil colour. Mean distance between neighbouring sampling loca-

tions was 66.3 m, ranging from 12.1 m to 98.4 m (standard deviation: 12.36). The 

position of each sample was measured by GPS with an accuracy of approx. 5 m. To 

decrease the GPS-precision inaccuracy, a 5 m buffer around each soil sampling loca-



 

 

33 2. 2 Materials and Methods 

tion was generated, expressing the location-specific mean values of digital data (e.g., 

multispectral bands, principal components) at sampling points. Later on these mean 

values were extracted for statistical analysis. 

At each coordinate, five subsamples within a radius of 1 m and a depth from top to 10 

cm were collected as one soil surface mixed sample, composed of 500 to 700 g of soil. 

Each sample represented approximately 0.78 ha. Following physical and chemical soil 

parameters were analysed by the soil-physical laboratory of the Institute of Ecology, 

Chair for Soil Conservation, University of Technology Berlin: (1) Particle size distribution 

using a combined sieve (fraction 0.063–2 mm) and pipette (fraction <0.063 mm) method 

(DIN ISO 11277), (2) soil acidity (pH) with 0.01 m CaCl2 (DIN ISO 10390; DIN EN 

15933), (3) organic matter content (OM) by using the loss on ignition method (DIN 

19684-3; DIN EN 15935; Ball, 1964) and (4) carbon content (CaCO3) (DIN EN ISO 

10693). The results of particle size distribution were used for determination of soil tex-

ture classes according to the official German Soil Survey Description (AG Boden, 2005). 

2.2.3 Analysis Workflow 

In addition to data acquisition and preparation, the multitemporal approach presented 

here is composed of four analysing steps: (1) data mining, (2) image mining, (3) stability 

analysis, and (4) information extraction/statistical analysis/functional soil map genera-

tion. 

Data Mining / Selection of Best Suitable Datasets 

For multitemporal soil pattern analysis, the separation between the static soil pattern 

and the temporal pattern, which is derived from the (vital and senescent) vegetation, 

land management practices or clouds/cloud shadows, is the most important step. To 

facilitate the data mining process for the most suitable datasets, the time-series of 43 

RapidEye subsets was filtered by (1) the threshold of the NDVI-MEAN (MEAN = arith-

metic mean), (2) the threshold of the NDVI-SD (SD = standard deviation) and (3) the 

phenological situation per crop on the acquisition date. To be independent from field 

data the method is based only on image analysis and phenological data. An iterative 

visual analysis was performed, to define threshold values as basis for automated classi-

fication of (1) bare soil images and (2) images with vegetation/management effects. 

First, the data with NDVI-MEAN values less than 0.2, indicating low vital vegetation, are 

selected for further analysis. Second, NDVI-SD (threshold = 0.07) allows the identifica-

tion of disturbances from land management and atmospheric conditions (e.g., clouds or 

shadows). The wider the data dispersion from the average (arithmetic mean), the more 

probable is the inclusion of disturbing influences. The third selection criterion is the sep-

aration of bare soil images from ripe and senescent vegetation images. The time period 

from harvesting up to and including the phenological macro-stage of germination assists 

with assigning low vegetation effects to vital, ripe and senescent plants. Furthermore, 

image enhancement methods, such as contrast stretching and false colour composite 

generation (Schowengerdt, 2007), were used (1) to expose details of reflectance pat-

tern and (2) to visually analyse management and vegetation effects (e.g., farming 
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stripes or plant remains). Images with intolerable vegetation or management influences 

must be excluded. 

For the Borrentin field, Figure 2-2 shows the NDVI-MEAN value (y1-axis), the NDVI-SD 

value (y2-axis), and the most suitable time-period based on the phenological and crop 

conditions (indicated by a blue box) for each RapidEye subset. Based on the NDVI-

thresholds (MEAN 0.2, SD 0.07; indicated by an orange line) and on the phenological 

situation on the acquisition date (germination = 0), the RapidEye subsets could be clas-

sified into two classes: (i) bare soil images (datasets below the orange line) and (ii) 

images with vegetation and/or management influences (datasets above the orange 

line). All subsets for which both NDVI-values are below the NDVI-threshold-line and 

which were taken in the most suitable time-period can be considered bare soil images 

with a tolerable vegetation effect, indicating that there was no significant vegetation in-

fluence disturbing the soil pattern detection. 

 

Figure 2-2: NDVI-threshold values and the most suitable time period (blue box) for each RapidEye-

subset. 

Due to these three data selection criteria, the time series of RapidEye datasets could be 

split into 5 bare soil images (15/09/2009, 20/09/2009, 22/09/2010, 24/09/2011, and 

02/10/2011), 1 bare soil image with strong management influence (18/08/2012), 29 

vegetation images (25/04/2009, 02/05/2009, 13/06/2009, 24/06/2009, 02/08/2009, 

03/06/2010, 03/07/2010, 16/07/2010, 04/10/2010, 01/03/2011, 22/03/2011, 09/04/2011, 

20/04/2011, 21/04/2011, 05/05/2011, 07/05/2011, 21/05/2011, 04/06/2011, 06/06/2011, 

13/10/2011, 17/10/2011, 08/11/2011, 15/01/2011, 06/03/2012, 14/05/2012, 28/05/2012, 
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21/06/2012, 24/07/2012, and 16/10/2012), and 8 cloudy scenes (27/07/2009, 

24/06/2010, 08/04/2011, 30/05/2011, 16/07/2011, 21/04/2012, 23/05/2012, and 

20/09/2012) were clearly identified. For each of those classes, Table 2-2 and Figure 2-3, 

2-4, and 2-5 demonstrate exemplary RapidEye subsets and their filtering characteristics 

(NDVI-values and phenological macro-stage) as well as comments based on visual 

evaluation. The NDVI-SD of the image from 18/08/2012 (0.08) indicates too much varia-

tion for a bare soil image with a static pattern, which is supported by the previously 

mentioned image enhancement methods. The enhanced image showed detailed tem-

poral patterns, such as farming stripes, which overlay the soil pattern in the eastern part 

of the field. Due to presented data selection method, the RapidEye subsets with a pri-

marily temporal pattern, from vegetation, clouds, shadows or land management 

practices, could be identified and were excluded from further analysis because of their 

negative effects on the soil reflectance pattern detection. 

Table 2-2: Example of NDVI-values and BBCH-phenological stages; BBCH-scale: (0) germination, 

(1) leaf development, (2) tilling, (3) stem elongation, (4) booting, (5) inflorescence emer-

gence/heading, (6) flowering/anthesis, (7) development of fruit, (8) ripening and (9) 

senescence (Meier, 2001). 

RapidEye Subsets of Borrentin 

Acquisition Date NDVI-MEAN NDVI-SD BBCH class visual evaluation 

15/09/2009 0.08 0.03 0 bare soil image bare soil 

20/09/2009 0.06 0.03 0 bare soil image bare soil 

22/09/2010 0.18 0.05 0 bare soil image bare soil 

01/03/2011 0.36 0.04 1-3 
image with vegetation, manage-

ment effects 
vegetation 1-2 

24/09/2011 0.07 0.04 0 bare soil image bare soil 

02/10/2011 0.16 0.07 0 bare soil image bare soil 

28/05/2012 0.73 0.06 5-7 
image with vegetation, manage-

ment effects 
vegetation 3-8 

21/06/2012 0.70 0.07 5-7 
image with vegetation, manage-

ment effects 
vegetation 3-8 

24/07/2012 0.40 0.08 8-9 
image with vegetation, manage-

ment effects 
vegetation 9 

18/08/2012 0.14 0.08 0 
image with vegetation, manage-

ment effects 
bare soil management 
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Figure 2-3: Images with vegetation and/or land management influences (left to right: 21/06/2012, 

24/07/2012, and 18/08/2012). 

 

Figure 2-4: Bare soil images (left to right: 15/09/2009, 22/09/2010, and 24/09/2011). 

 

Figure 2-5:  Static and temporal patterns after image enhancement (left to right: 15/09/2009, 

22/09/2010, and 24/09/2011). 

In addition to vegetation and land management, variation in surface soil moisture also 

affects soil reflectance patterns, requiring an evaluation of the influence of soil moisture 

by comparing the preselected bare soil images with precipitation data because of the 

strong dependence between precipitation and surface soil moisture in relation to soil 

texture and relief position (Figure 2-1). The comparison of the amount of precipitation 

over the three days before image acquisition among all 5 selected bare soil subsets 

(Table 2-3) demonstrates that the precipitation amounts and consequently the soil mois-

ture levels on 15/09/2009 (6.7 mm) and 22/09/2010 (6.1 mm) are quite similar in rainfall 

amount, distribution and intensity and that both are definitely more moist than the condi-

tions on 24/09/2011 (0.3 mm), 20/09/2009 (0 mm) and 02/10/2009 (0 mm). For all 5 

bare soil images, no rainfall occurred in the 24 hours before image acquisition. 

Table 2-3: Amount of precipitation (mm) at the Greifswald meteorological station (DWD, 2014a). 

Acquisition date 
Amount of precipitation [mm] 

Last 24 h Last 2 days Last 3 days Last 6 days Last 7 days Last 14 days 

15/09/2009 0 5.6 6.7 6.7 6.7 29.5 

20/09/2009 0 0 0 0 5.6 7.7 
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22/09/2010 0 4.7 6.1 6.1 8.7 35.9 

24/09/2011 0 0.2 0.3 6.1 6.2 7.1 

02/10/2011 0 0 0 0 0 6.1 

 

For further spatial analysis of reflectance pattern and their relationships to soil proper-

ties, each identified bare soil image (best-suitable dataset) was used separately. 

Furthermore, a multitemporal bare soil image, created by stacking all channels of each 

selected most suitable bare soil subset, is analysed. The resulting multitemporal-

stacked image, consisting of 25 stacked bands, includes soil patterns with natural soil 

moisture fluctuations and essentially no management or vegetation influences. 

Image Mining / Detection of Soil Reflectance Pattern 

Principal components analysis (PCA) is one of the best methods to study correlated 

multidimensional data without harming all multispectral band information (Panda et al., 

2010). “It is a way of identifying patterns in data, and expressing the data in such way 

as to highlight their similarities and differences” (Smith, 2002). By removing redundant 

information from all spectral bands, the number of dimensions is reduced without signif-

icant loss of information. PCA is typically used to identify factors that describe spectral 

variance, to reveal the underlying dimensionality of multivariate data and to compress 

image data (Mulla, 2013; Abdel-Kader, 2011). Applying PCA on a simply stacked image 

consisting of multispectral data from multiple dates, a spectral-temporal transformation 

is performed. Because of the two coupled dimensions, interpretation might be difficult 

(Schowengerdt, 2007). However, based on the assumption that the percentage area of 

change is relatively smaller than the percentage area of no change, stable areas will 

appear in the lower-order PCs, and changing areas in the higher-order PCs (Richards, 

1984; Ingebritsen and Lyon, 1985). Due to the previously mentioned elimination of the 

negative influences from the soil pattern detection, this assumption is considered valid 

for the presented multitemporal approach. For more improvement in signal to noise ratio 

and image enhancement as well as for better results in the respective alignment along 

the object of interest, this procedure can be standardized by using the correlation matrix 

as an alternative to the common unstandardized method using the covariance matrix (Li 

and Yeh, 1998; Singh and Harrison, 1985; Fung and LeDrew, 1987; Eastman and Fulk, 

1993). In this way, the original bands are effectively normalised to equal and unit vari-

ance, which might be an advantage when data with different dynamic ranges are 

combined (Schowengerdt, 2007). Fung and LeDrew (1987) stated that the first four 

components can store greater than 95% of the total variance, and the remaining com-

ponents contain very little valuable information for land change studies. 

To detect the static soil pattern, the data dimensionality of the stacked image was re-

duced by performing standardised PCA. Based on the correlation matrix, twenty-five 

standardised principal components (PCsts 1-25) were calculated from the transfor-

mation of the 25 bands of the bare soil layer stack. The first five PCsts contain 99.64% 

of the total variance. Beginning with PCst 6, the data noise visibly increases (Figure 

2-6); therefore, PCsts 1-5 were selected for subsequent statistical analysis. Figure 2-7 

shows the three channel combinations of PCsts 1-5, which improve the visibility of the 

reflectance pattern. 
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For monotemporal analysis, standardised PCA was also applied for each bare soil im-

age based on its own correlation matrix. 

 

 

Figure 2-6: Image of PCsts 1-6. 

 

Figure 2-7: Image of the combined PCsts 1-5. 

Stability Analysis / Temporal-Spatial Analysis of Soil Reflectance Pattern 

The multitemporal approach offers the possibility of evaluating the temporal-spatial sta-

bility of the soil reflectance pattern using change detection methods. For that reason, 

statistical per-pixel analysis was applied to preselected bare soil images. First, for each 

channel, one stacked image was created, consisting of the same channels of each bare 

soil subset. Second, for each stacked image, the standard deviation (SD) per pixel was 
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calculated. Low standard deviation per pixel indicates high spatiotemporal stability. The 

lower the SD per pixel, the more static the reflectance pattern is. To combine the ob-

tained pattern stability information, the resulting SD data of each channel were 

normalised by dividing by the corresponding SD maximum value. Thus, the SD data of 

each channel were scaled between 0 and 1, and disproportionate influence of channels 

with higher SD values due to spectral characteristics was eliminated. Next, the arithme-

tic mean (MEAN) per pixel was calculated from all normalised SD per pixel images. The 

resulting image reflects the overall stability of the spatiotemporal pattern. 

Information Extraction / Statistical Analysis / Functional Soil Map Generation 

For further statistical analysis, at every sampled soil point, the location-specific mean 

values of all standardised principal components of every monotemporal bare soil image 

and of the multitemporal bare soil stack images as well as all previously calculated ab-

solute and normalized stability parameters (SD-per-channel, MEAN-of-all-SD-per-

channel) were extracted. From 170 sampling sites, the descriptive statistics of each soil 

property variable were computed. Table 2-4 shows the mean, standard deviation, coeffi-

cient of variation, skewness, minimum and maximum of all soil parameters. Due to low 

occurrence of CaCO3 data (12% of all soil samples) and due to low CaCO3-content 

(Mean 3.3%, SD 2.4%), the topsoil layer of the Borrentin field could be assumed to be 

essentially free of CaCO3.  

Table 2-4:  Descriptive statistics of soil parameters; (SD: standard deviation; CV: coefficient of varia-

tion). 

Soil parameter Mean SD CV [%] Skew Min Max 

OM [%] N = 170 5.38 7.66 58.72 4.70 1.52 54.82 

pH N = 170 6.52 0.50 0.25 -0.17 4.97 7.54 

CaCO3 [%] N = 20 3.28 2.37 5.61 0.28 0.30 7.50 

Clay [%] N = 162 11.92 3.94 15.55 0.76 4.07 25.51 

Silt [%] N = 162 29.43 6.36 40.47 1.06 12.37 51.99 

Sand [%] N = 162 58.64 8.33 69.38 -1.06 24.81 82.52 

 

Because soil parameters are typically not normally distributed, Spearman rank order 

correlation analysis was performed to examine the relationship between the soil param-

eters and the standardized principal components of the monotemporal and 

multitemporal images. The non-parametric Spearman´s rank correlation coefficient (rs) 

characterizes here the strength of the observed relationships, at a 99% confidence lev-

el. The identified highly significant correlations (rs ≤ -0.7 or rs ≥ 0.7) were analysed in 

more detail using simple linear and non-linear regressions. The coefficient of determina-

tion (R²) was used to evaluate prediction quality. The model with the highest R²-value 

was chosen as the best prediction model. The efficiency of the prediction method (here, 

the obtained regression equation) was statistically evaluated by using leave-one-out 

cross-validation (Isaaks and Srivastava, 1989). Therefore, the root mean square error 

(RMSE) was calculated. The lower the RMSE value, the more robust the prediction 

model is. 
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The resulting regression equations of those soil variables that showed higher significant 

correlations with the best predicting standardized principal components were applied to 

the corresponding monotemporal and multitemporal images to generate functional soil 

maps. 

To eliminate any still existing temporal influence and to improve the prediction model, 

the normalized stability parameter MEAN-of-all-SD-per-channel was used to identify the 

threshold separating static and temporal reflectance patterns. For this purpose, the 

MEAN-of-all-SD-per-channel dataset was divided by percentiles (100-quantiles) into 

100 groups of equal frequency 1%-segments. The percentile value represents the sepa-

rating-thresholds, below which all data are considered static and above which all data 

are considered temporal. Each extracted percentile value was applied to the input data 

by eliminating all sampling point data above the threshold and then was subsequently 

tested in the previously described regression prediction model with the same quality 

assessment and functional soil mapping procedure. 

2. 3 Results and Discussion 

For soil parameter prediction modelling based on mono- and multitemporal bare soil 

images, it is necessary to identify those soil parameters that explain soil reflectance 

patterns. The obtained best model allows functional soil mapping at high accuracy. Ana-

lysing the temporal-stability of soil reflectance patterns and excluding detected temporal 

effects from the prediction model could improve the functional soil map. 

2.3.1 Relationships between Soil Properties and Multitemporal/Monotemporal 

Bare Soil Images 

To understand the origin of the PCA-detected soil reflectance pattern, the relationships 

between the values of the standardised principal components and the laboratory-

analysed soil parameters were statistically evaluated. Table 2-5 summarizes the rela-

tionships between soil properties and the standardised PCs of multitemporal and 

monotemporal bare soil images using the non-parametric Spearman´s rank correlation 

coefficient.  

Table 2-5:  Spearman-Rho correlation between soil parameters and standardized PCs of multitem-

poral and monotemporal bare soil images; (* significant at probability level 0.05, ** 

significant at probability level 0.01). 

Bands OM [%] pH CaCO3 [%] Clay [%] Silt [%] Sand [%] 

Multitemporal 

PCst 1 -0.797** -0.162* 0.539** -0.378** -0.155* 0.299** 

PCst 2 0.200** 0.11 0.045 0.337** -0.089 -0.097 

PCst 3 -0.533** -0.01 0.254 -0.092 -0.238** 0.209** 

PCst 4 -0.577** -0.205** 0.263 -0.453** -0.190* 0.383** 

PCst 5 -0.762** -0.12 0.448* -0.265** -0.123 0.212** 
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15/09/2009 

PCst 1 -0.773** -0.171* 0.498* -0.417** -0.132 0.307** 

PCst 2 -0.781** -0.107 0.394 -0.316** -0.118 0.243** 

PCst 3 -0.503** -0.241** 0.130 -0.473** -0.113 0.335** 

PCst 4 -0.447** -0.201** 0.022 -0.428** -0.161* 0.332** 

PCst 5 0.692** 0.150 -0.348 0.277** 0.129 -0.217** 

20/09/2009 

PCst 1 -0.756** -0.169* 0.543* -0.361** -0.116 0.266** 

PCst 2 -0.745** -0.162* 0.471* -0.259** -0.102 0.194* 

PCst 3 0.428** 0.230** -0.148 0.334** 0.163* -0.290** 

PCst 4 -0.495** -0.215** 0.254 -0.329** -0.097 0.241** 

PCst 5 0.697** 0.175* -0.436 0.238** 0.042 -0.155* 

22/09/2010 

PCst 1 -0.763** -0.147 0.536* -0.286** -0.247** 0.320** 

PCst 2 -0.605** -0.094 0.396 -0.125 -0.225** 0.203** 

PCst 3 -0.015 0.302** 0.442 0.288** -0.006 -0.158* 

PCst 4 -0.516** -0.104 0.463* -0.172* -0.180* 0.201* 

PCst 5 -0.593** -0.269** 0.373 -0.270** -0.256** 0.329** 

24/09/2011 

PCst 1 -0.777** -0.197** 0.632** -0.416** -0.127 0.302** 

PCst 2 -0.704** -0.165* 0.466* -0.327** -0.139 0.261** 

PCst 3 0.007 -0.168* -0.141 -0.386** -0.036 0.241** 

PCst 4 -0.245** -0.176* -0.086 -0.224** -0.129 0.246** 

PCst 5 0.628** 0.124 -0.209 0.266** 0.180* -0.260** 

02/10/2011 

PCst 1 -0.768** -0.152* 0.619** -0.368** -0.122 0.272** 

PCst 2 -0.352** -0.167* 0.115 -0.522** -0.087 0.361** 

PCst 3 -0.699** 0.034 0.493* 0.031 -0.080 0.022 

PCst 4 0.348** 0.274** -0.211 0.502** 0.117 -0.369** 

PCst 5 -0.634** -0.135 0.379 -0.174* -0.131 0.177* 

 

For the multitemporal stacked image, this coefficient revealed that OM, pH, CaCO3, 

clay, silt and sand were most strongly significantly correlated with the following spectral 

data: PCst 1 (OM), PCst 4 (pH), PCst 1 (CaCO3), PCst 4 (clay), PCst 3 (silt) and PCst 4 

(sand). Strong correlations (rs ≤ -0.7 or rs ≥ 0.7) were seen between OM and PCst 

1/PCst 5 (rs = -0.797/-0.762). Other soil parameters showed moderate correlations (rs = 

~±0.5), for instance, CaCO3 with PC 1 (rs = 0.539) and clay with PCst 4 (rs = 0.453), and 

weak correlations (rs = ±0.3 - ±0.4) were seen for sand (rs = 0.383). Silt (rs = -0.238 with 

PC 3) and pH (rs = -0.205 with PC 4) were the soil properties with the lowest significant 

correlation coefficient. Negative correlations indicated that small values of the standard-

ised PCs corresponded to high values of soil properties. The darker the reflectance 

pattern, the higher the soil parameter value is. 

Similar to the multitemporal image, in all monotemporal images, strong correlations 

were observed only for OM (PCst 1, PCst 2, PCst 3, and PCst 5). OM generally had the 

highest correlation with PCst1 (rs = -0.756 - -0.777), with the exception of one date, 

when it was more strongly correlated with PCst 2 (rs = -0.781; 15/09/2009). As before, 

moderate correlations were found for CaCO3 with PCst 1 (rs = 0.498 - 0.632) and clay 

with PCsts 1-3 (rs = -0.361 - -0.522). Weak correlations were observed for sand (rs = 

0.302 – 0.335; rs = -0.369) and for pH on one date (rs = 0.302; 22/09/2010). A very low 

significant relationship was detected for silt (rs = -0.131 - -0.256; rs = 0.163 - 0.256). 
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Due to the results of the non-parametric Spearman´s rank correlation coefficient calcu-

lations, the soil parameters and standardised PCs with significant high correlations were 

considered highly valuable for deeper statistical analysis and prediction model genera-

tion. OM and PCst 1/PCst 5 were used for the multitemporal analysis, and for the 

monotemporal images, OM and PCst 1 (15/09/2009, 20/09/2009, 22/09/2010, 

24/09/2011, and 02/10/2011), PCst 2 (15/09/2009, 20/09/2009, and 24/09/2011) and 

PCst 3 (02/10/2011) were used. The low to moderate correlations indicate that certain 

soil parameters (pH, CaCO3, clay, silt, and sand) are not suitable for functional soil 

mapping in this study, possibly because of the generally limited spectral resolution of 

the broadband multispectral sensor. Using hyperspectral sensors might be more prom-

ising for these soil parameters. 

Visualising the scatterplots of each soil variable with each PCst reveals that, in total, no 

linear relationship between the soil parameters and the standardised PCs could be rec-

ognised. Further, no strong evidence of non-linear relationships between the already 

excluded soil properties (pH, CaCO3, clay, silt, and sand) and the standardised PCs 

could be identified. In comparison, the scatterplots of OM and the previously selected 

standardised PCs revealed non-linear relationships, expressed by power functions. To 

simplify further statistical analysis, the simple non-linear regression models were log10-

transformed to simple linear regression models. To detect the best prediction model for 

OM, Table 2-6 compares the R² and RMSE values of the transformed linear regression 

models between the multi- and monotemporal images.  

Table 2-6:  R² and RMSE for the relationship between OM (dependent variable) and the standardized 

PCs of the multitemporal and monotemporal images (independent variable). 

Multitemporal 15/09/2009 20/09/2009 22/09/2010 24/09/2011 02/10/2011 

Bands R² 
RMSE 

[%] 
Bands R² 

RMSE 

[%] 
Bands R² 

RMSE 

[%] 
Bands R² 

RMSE 

[%] 
Bands R² 

RMSE 

[%] 
Bands R² 

RMSE 

[%] 

PCst 1 0.795 7.59 PCst 1 0.762 8.17 PCst 1 0.773 7.98 PCst 1 0.735 8.63 PCst 1 0.787 7.73 PCst 1 0.746 8.44 

PCst 5 0.763 7.94 PCst 2 0.766 8.10 PCst 2 0.755 8.29 PCst 2 0.651 9.90 PCst 2 0.759 8.23 PCst 3 0.673 9.57 

 

Thus, for all OM-samples, significant (p-value <2.2e-16) and robust linear regression 

models with a coefficient of determination R² ≥ 0.673 and RMSE ≤ 9.90% were calcu-

lated. According to the highest coefficient of determination (R² = 0.795), the 

multitemporal-stacked image with the first standardised PC is the better option for func-

tional soil mapping compared with monotemporal images (0.735 ≤ R² ≤ 0.787). In 

addition, the prediction model based on the multitemporal-stacked image is the most 

robust (RMSE = 7.59%). 

Similar non-linear relationships were observed by Spielvogel et al. (2004) for the rela-

tion between OC content and soil lightness and by Konen et al. (2003) for OC content 

and Munsell value, chroma, and reflectance of agrarian soils in Iowa. Hummel et al. 

(2001) applied logarithmic-transformation to a non-linear relationship between soil or-

ganic matter and NIR-data. 
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An increase in OM content is correlated with a decrease in the spectral reflectance val-

ue of PCst 1, and consequently, the darker the soil pattern, the higher the OM content, 

and the lighter the soil pattern, the lower the OM content. 

Although the calculated regressions are significant, with a high coefficient of determina-

tion, some samples with log OM contents between 0.3% and 0.7% have differences in 

their log PCst 1-spectral reflectance values. This high variance indicates that the PCst 1 

spectral reflectance is influenced by several other parameters. Although the correlations 

between the texture parameters (clay, silt, and sand) and PCst 1 were not significant (R² 

≤ 0.185), the spectral reflectance (soil lightness) affecting the parameters could be Ca-

CO3 and texture, where the OM content is the main determining variable, followed by 

CaCO3, clay and the low but significant influence of silt and sand contents (Spielvogel et 

al., 2004). The darkening effect of Fe-oxides on soil brightness (e.g., hematite) 

(Schwertmann, 1993) does not occur here, due to the glaciomorphological and pedolog-

ical genesis of the young morainic soil landscape of northern Germany. 

To generate SSM user-friendly functional soil maps based on real OM values, it was 

necessary to re-transform the obtained linear regression function and the coefficients 

back to a non-linear regression function. Based on the extracted and re-transformed 

prediction function of the multitemporal-stacked image, a functional soil map for OM 

was produced and classified with adaption to the official German Soil Survey Descrip-

tion (AG Boden, 2005) (Figure 2-8). 

 

Figure 2-8: Functional soil map regarding OM based on the predicting regression equation of the 

multitemporal image and PCst 1 (OM classification adapted to the official German Soil 

Survey Description with soil sampling results). 

Comparing the classified soil map with the laboratory measured OM-values shows that 

they are in accordance, particularly in the western portion of Borrentin field. There are 

still some prediction errors in the eastern portion, most likely caused by temporal ef-
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fects. To understand this prediction uncertainty, a deeper analysis of the temporal-

spatial stability of the reflectance patterns is necessary. 

2.3.2 Stability Analysis 

To evaluate the temporal-spatial stability of the soil reflectance patterns, statistical pixel-

wise analyses were applied on the multitemporal bare soil image. Further, the possibility 

of prediction model improvement was tested by stepwise eliminating the identified tem-

poral effects. 

Figure 2-9 reveals that the visible spectrum (B, G, and R) shows a similar distribution of 

the spatiotemporally static reflectance patterns of bare soils. In comparison, the images 

of the RE- and NIR-channels exhibit either similar or different stability. The overall stabil-

ity, which reflects the average spatiotemporal stability of the bare soil reflectance 

pattern, was calculated as a mean of all SD-images (B, G, R, RE, NIR) (Figure 2-9). 

 

 

Figure 2-9: Spatiotemporal stability of the bare soil reflectance pattern, divided by channel (green: 

low SD, red: high SD; data are normalized) and spatio-temporal overall stability of the 

bare soil reflectance pattern as a mean of all SD-images (green: low mean value, red: 

high mean value; data are normal-ized). 

We assume that the pattern with a high SD results from temporal effects, originating in 

the cause and effect relationships of relief, soil moisture, soil texture and vegetation 

(e.g., upcoming plants). In addition, land management (e.g., fertilisation and soil cultiva-

tion) are also causing the temporal pattern. 
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Because of the previous assumption it is necessary to improve the developed prediction 

model for OM by excluding the strong temporal effects, which is allowed due to mul-

titemporal data. Based on the spatiotemporal overall stability image (Figure 2-9), 

percentile-thresholds were statistically (stepwise per percentile) tested to separate static 

(low SD mean value) from temporal patterns (high SD mean value) (Figure 2-10). Ap-

plying the 67%-threshold, the OM prediction model was improved by approximately 2% 

(R² = 0.795 to R² = 0.814) with a weak loss of model robustness of approximately 1.5% 

(RMSE = 7.59% to RMSE = 9.04%). This relatively low model improvement is due to 

previous filtering of the input datasets to detect the bare soil images with very low tem-

poral effects. 

 

Figure 2-10: Examples of the splitting thresholds (percentiles 90 to 60) and their corresponding R² 

and RMSE values. 

To achieve the greatest model improvement based on the 67%-threshold of the spatio-

temporal overall stability image, the soil sampling points (as model input data) within the 

identified temporal pattern were excluded from the further modelling steps. These ex-

cluded points are located in the total range of OM-values. In this case, the soil sample 

quantity was reduced from 170 to 122 samples (Figure 2-11). 
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Figure 2-11: (Left) Soil samples within the static and temporal reflectance pattern based on the 67%-

threshold (green: static pattern; red: temporal pattern); (right) Scatterplot of the relation-

ships between OM and standardized PC 1 of the multitemporal bare soil images based 

on the static soil pattern (threshold: 67%). 

Figure 2-11 also demonstrates the improved prediction model for OM and PCst 1 of the 

multitemporal dataset based on the 67%-threshold. A functional soil map of OM was 

derived from the enhanced regression equation and was also classified with adaption to 

the official German Soil Survey Description (AG Boden, 2005) (Figure 2-12). Especially 

in the eastern, more textured portion of Borrentin field, the resulting functional soil map 

(based on the 67%-threshold) was improved for low OM-values compared with the pre-

vious map (Figure 2-8). 

 

Figure 2-12: Functional soil map for OM based on the predicting regression equation of the multitem-

poral image and PCst 1 (threshold: 67%) (OM classification adapted to the official 

German Soil Survey Description with soil sampling results). 

2. 4 Conclusions and Outlook 

This study has provided support for the concept that multitemporal analysis of multi-

spectral remote sensing data, such as RapidEye imagery, is more suitable than 

monotemporal analysis for the extraction of spatially precise static soil patterns for func-

tional soil mapping at the field-scale. Data pre-selection from the time-series using 

NDVI-thresholds and phenological macro-stages per crop on the acquisition date is es-

sential to separate static from temporal reflectance patterns. Due to these selection 

methods, the bare soil images were accurately identified, and consequently, subse-

quent visual evaluation is no longer necessary. Statistical analysis demonstrated the 

existence of a non-linear relationship between OM and the standardised principal com-

ponents with the best prediction results combined with PCst 1. The further analysed soil 
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parameters (pH and texture) did not correlate sufficiently with the standardised principal 

components due to the spectral sensor resolution. CaCO3 was at least moderately sig-

nificantly correlated with the PCsts, but its presence was very limited (20 samples) in 

Borrentin field. 

Based on the spectral reflectance pattern (static soil pattern) of PCst 1 and the OM soil 

sampling data, a functional soil map of OM distribution could be produced. This func-

tional soil mapping could be improved by eliminating reflectance patterns with strong 

spatiotemporal variability using stepwise testing percentile-thresholds. For Borrentin 

field, 67%-threshold was determined to be the best threshold. The correlation in this 

study between the spectral data (spectral variance) of the first standardised principal 

component of the multitemporal bare soil layer stack and the soil surface organic matter 

might be applied to other agrarian fields in the young morainic soil-landscape of north-

eastern Germany. For methods transfer at the field-scale as well as the landscape-

scale, further investigations are necessary. Another advantage of standardised PCA is 

the possibility of transferring the transformation parameters (correlation matrix) from 

one study area to another, thus securing methods transferability. Therefore, more soil 

sampling has been performed in 13 fields in the Demmin region. In addition, further 

analysis regarding the relationships between the static soil pattern and vegetation pat-

terns should be performed, to gain knowledge concerning the transferability of soil 

surface patterns to deeper soil horizons because vegetation patterns might reflect the 

soil conditions of the deeper horizons (e.g., root zone), which could be recognized in the 

soil surface pattern. Furthermore, the analysis of soil reflectance pattern combined with 

DEM derived parameters could help to achieve a deeper understanding of the origin of 

soil reflectance pattern and their stability characteristics. 

In the future, the resulting static soil (brightness) patterns and their derived high resolu-

tion functional OM soil maps could be used as ancillary data either in delineating 

management zones for site-specific management in precision agriculture (e.g., respec-

tive sowing intensity and fertilization distribution) or as an information input to prediction 

models (e.g., scorpan) as well as for soil survey preparation and the calculation of soil 

fertility. Mulla (2013) stated the importance of combining archived and historical remote 

sensing data with real-time and auxiliary data (e.g., crop yield maps, digital elevation 

models, soil series maps). Therefore, the static soil pattern might be highly valuable for 

improving decision-making in agricultural management. 
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3 Organic Matter Modelling at the Landscape 

Scale Based on Multitemporal Soil Pattern 

Analysis Using RapidEye Data2

 

Abstract 

This study proposes the development of a landscape-scale multitemporal soil pattern 

analysis (MSPA) method for organic matter (OM) estimation using RapidEye time series 

data analysis and GIS spatial data modeling, which is based on the methodology of 

Blasch et al. The results demonstrate (i) the potential of MSPA to predict OM for single 

fields and field composites with varying geomorphological, topographical, and pedologi-

cal backgrounds and (ii) the method conversion of MSPA from the field scale to the 

multi-field landscape scale. For single fields, as well as for field composites, significant 

correlations between OM and the soil pattern detecting first standardized principal com-

ponents were found. Thus, high-quality functional OM soil maps could be produced 

after excluding temporal effects by applying modified MSPA analysis steps. A regional 

OM prediction model was developed using four representative calibration test sites. The 

MSPA-method conversion was realized applying the transformation parameters of the 

soil-pattern detection algorithm used at the four calibration test sites and the developed 

regional prediction model to a multi-field, multitemporal, bare soil image mosaic of all 

agrarian fields of the Demmin study area in Northeast Germany. Results modeled at the 

landscape scale were validated at an independent test site with a resulting prediction 

error of 1.4 OM-% for the main OM value range of the Demmin study area. 

Keywords: organic matter; agriculture; soil pattern; bare soil; multitemporal; RapidEye  

                                               

2 Published: Blasch, G., Spengler, D., Itzerott, S., Wessolek, G. (2015). Remote Sens. 7, 11125–11150. 
Doi: http://doi.org/10.3390/rs70911125 (Author’s Post-print version) 
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3. 1 Introduction 

Owing to the demand for qualitative and quantitative soil information at multiple scales 

in precision agriculture (PA) [1–6], accurate functional soil maps are needed for the 

concept of site-specific management (SSM) to balance a profitable and cost-effective 

crop production with environmental concerns and sustainability [7–10]. To evaluate site-

specific spatiotemporal variable soil properties at the field-scale, many functional soil 

mapping models and approaches based on digital elevation models (DEM), proximal 

and/or remote sensing (RS) data have been designed. Compared with geostatistical 

and spatial interpolation methods (e.g., Kriging procedures, fuzzy clustering algorithms) 

based on comprehensive, time-consuming, and costly field surveys and soil sampling, 

non-invasive remote and proximal sensors, combined with empirical- or physical-based 

data analysis, offer potentially more effective, quick, and cost-efficient continuous direct 

or indirect data on physiochemical soil characteristics, which are determined by spatial, 

temporal or spectral sensor resolutions [1,6,11–18]. Due to the advantages of existing, 

easily accessible data archives, relatively low-cost and high-temporal, high-spatial reso-

lution multispectral imagery and time series are available for qualitative and partly-

quantitative soil information extraction, deduction of soil patterns, and mapping of SSM 

zones and soil surface units [7,15]. 

For the latest state-of-the-art science, Ge et al. (2011) [7], Mulla (2013) [8], Mulder et al. 

(2011) [15], and Panda et al. (2010) [19] provide research summaries of remote sensing 

systems and applications in PA and soil science (e.g., crop yield, biomass, soil organic 

content, and soil texture). Numerous studies have investigated the relation between soil 

reflectance characteristics (e.g., soil color and soil brightness) and soil properties, par-

ticularly organic matter (OM), soil moisture, and texture [1,20–24]. As proximal and 

remote sensing methods, diffuse reflectance spectroscopic techniques in the visible, 

near- and shortwave infra-red range were applied for OM measurements [25,26]. Dur-

ing the attempt to determine the optimal content of soil organic matter of agriculturally-

used soils, Wessolek et al. (2008) [27] pointed out that optimal organic matter supply is 

generally site-specific and strongly influenced by climate (e.g., temperature, precipita-

tion), soil texture and land management/land use. Still, no OM simulation model exists 

which is applicable to all cultivation systems and agrarian used soils in Germany. 

A monotemporal analysis with a single remote sensing dataset always contains hetero-

geneous spatial reflectance patterns due to the different land uses and vegetation 

conditions without temporal dimension. Regarding agricultural land use, static soil pat-

terns persist, aside from temporal patterns characterised by crop types, vegetation 

phenology and land management practices. To reduce the disturbance of the temporal 

patterns, a multitemporal approach with the advantage of potentially higher pattern sta-

bility is needed. Blasch et al. (2015) [1] proposed an analysis workflow for OM 

estimation at the field-scale based on multitemporal soil pattern analysis (MSPA) using 

a multispectral RapidEye satellite time series, which was tested on a single demonstra-

tion field of the TERENO North-Eastern German Lowland Observatory (TERENO-NE) in 

Demmin, Northeast Germany. For the extraction of spatially-precise static soil patterns, 
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it was shown that multitemporal analysis (R² = 0.81) of RapidEye data is more suitable 

than monotemporal analysis (R² 0.73–0.79), whereby the latter strongly depends on the 

optimal time and condition of image acquisition. As soil-pattern detection algorithm 

standardized principal components analysis (PCA) was applied to preselected bare soil 

images. Statistical regression analysis showed strong correlation between first stand-

ardized principal component (PCst1) and laboratory-analyzed OM values. The 

underlying principle between PCst1-detected soil patterns and OM is that due to image 

pre-selection, PCst1 stores the reflection properties of bare soils in terms of albedo. 

Accordingly, an increase in OM content is correlated with a decrease in the albedo, with 

respect to spectral reflectance values of PCst1 with the consequence that the darker 

the soil pattern (lower PCst1 values), the higher the OM content, and the lighter the soil 

pattern (higher PCst1 values), the lower the OM content [1]. However, high variance 

between low OM values and PCst1 was observed. Soil spectral reflectance could be 

additionally influenced by other soil properties (e.g., CaCO3, clay), even when no signif-

icant relationship between PCst1 and the parameters existed. The multitemporal 

characteristic allowed for the evaluation of the spatiotemporal variability in reflectance 

patterns. Using OM soil sampling data with the identified static soil patterns instead of 

all existing (temporal and static) soil patterns, improves the initial OM prediction model 

and, consequently, the OM functional soil map. 

In this research the objective is to develop a multi-field landscape-scale version of 

Blasch’s et al. (2015) [1] field-scale based MSPA model for OM (percentage weight loss 

on ignition) estimation based just on optical satellite data reflectance (here: RapidEye 

time series) as well as RS and GIS spatial data modeling to secure the idea of method 

transferability to other study areas at low costs. Therefore, it is necessary to prove 

whether OM explains the soil reflectance pattern. The steps to reach this research ob-

jective are to (1) evaluate the quality and robustness of the field-based MSPA to predict 

OM for single fields and field composites with diverse geomorphological, topographical, 

and pedological characteristics of the young morainic soil landscape; (2) create a repre-

sentative regional OM prediction model; and (3) convert the MSPA method from the field 

scale to the multi-field landscape scale using the regional prediction model. The capa-

bility of the proposed MSPA-method at the landscape scale is investigated using four 

calibration and one validation test sites by applying the transformation parameters of 

the soil pattern detection technique and the best regional prediction model to a mul-

titemporal bare soil image mosaic of all agrarian fields of the study area. For model 

calibration and validation 731 soil samples were collected at five test sites (composed of 

16 fields) in the Demmin region, Northeast Germany. 

3. 2 Materials and Methods 

3.2.1 Study Area 

The 834-km² study area (upper left corner: 54°3′N, 12°53′E, lower right corner: 53°48′N, 

13°20′E) is located near the city of Demmin (53°54′N, 13°3′E) in the northeastern low-

lands of Germany in Mecklenburg-Western Pomerania (Figure 3-1). During the last 
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Pleistocene period (Weichselian Glaciation), this region was formed by recurring glacial 

processes. Characterized by typical glacial morphological features, such as vast ground 

moraine areas, push (terminal) moraines, lake basins, glacial valleys, eskers, kettle 

holes, and sandars, the study area is representative of the young morainic soil land-

scape of Northern Germany [28]. Furthermore, lakes (e.g., Kummerower Lake) and 

river systems (e.g., Peene River, Tollense River, and Trebel River) are tightly connected 

with the near-surface ground water table. With an altitude range between 0 m and 96 m 

above sea level (mean 19 m, standard deviation 14 m) and a slope angle between 0° 

and 61° (mean 1.1°, standard deviation 1.5) [29], the relief is relatively flat in the north 

and undulating/hilly with steep slopes in the south. Due to the significant changes in the 

relief, the parent substrate material, and the distance from the groundwater table, the 

soil types are spatially variable. The flat and marginal undulating plain is composed of 

sand-rich areas and glacial-till areas. Cambisols, Luvisols, and Albeluvisols are predom-

inant in the sand-rich area. On the less sandy but more clayey and loamy glacial till, 

Luvisols, Albeluvisols, and Stagnosols evolved. In hilly terrain, these soils are frequently 

truncated, and colluvial soils developed from eroded loamy material or deposits over 

former bogs [28,30,31]. Peaty soils are found in the floodplains. According to the 

Teterow weather station (34 km west of Demmin), the long-term (1981–2010) mean 

temperature is 8.7 °C and the mean precipitation is 584 mm/year; these records charac-

terize the present climate of the study area [32,33]. This area is part of the sparsely 

populated (69 inhabitants per square kilometer), intensively used agricultural state of 

Mecklenburg-Western Pomerania, which consists of 80.3% farmland, 19.5% grass-

land/pastureland and 0.2% other agrarian land use. In 2012, cereal crops (55.5%), feed 

crops (19.3%), oleaginous fruits (18.6%), root crops (3.6%), legume crops (0.4%), and 

others (2.6%) were cultivated [34]. In general, the study area is located within the 

TERENO-NE, which is managed by the German Research Centre for Geosciences 

Potsdam (GFZ) [1]. 
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Figure 3-1: The digital elevation model (resolution 10 m) [29] of the study area (red rectangle), study 

area field segments (grey polygons) and the five test sites (AOI 1–5) composed of 16 

agrarian fields (black polygons). 

For the method development, calibration, and validation, five test sites that consisted of 

16 agrarian fields (size: 7.53 km²) were installed to represent the topographical, pedo-

logical and geomorphological characteristics of the study area (Figure 3-1). The test 

sites of AOI1 Jarmen (~330 ha, six fields), AOI2 Sassen (~124 ha, one field), AOI3 

Buchholz (~162 ha, seven fields), and AOI5 Borrentin (~107 ha, one field) belong to the 

soil landscape sub-unit of “soils of ground morainic deposits and (mostly) loamy termi-

nal moraines germination”. AOI4 Beestland (~29 ha, one field) belongs to the sub-unit 

of “soils of sandars, dry valley sands, sandy plates and sandy terminal moraines” [28]. 

Due to their specific topographical and geomorphological features, the AOI1 test site 

can be characterized as flat ground moraine (till) with a large (clayey) low depression 

and few kettle holes. AOI2 is characterized as undulating ground moraine (till, sand over 

till, and sand) with eroded hilltops, few low moor depressions and eskers. AOI3 is char-

acterized as undulating curved push (terminal) moraine (till, locally clayey marl) with few 

kettle holes and partly eroded very steep slopes up to 11.5°. AOI4 is characterized as a 

transitional area from very flat ground moraine (till) to a former glacial valley (sand over 

till) with nearby drainage ditches and the Trebel River. AOI5 is characterized as undulat-

ing ground moraine (till) with one large flat depression, few kettle holes and low moor 

areas (partly covered by colluvium). In contrast to AOI1 and AOI3, very homogenous 

soil texture characteristics are mapped for AOI2, AOI4 and AOI5 (Figure 3-2, Figure 

3-3). 
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(a) (b) (c) 

Figure 3-2: Physical-geographical characteristics of each single field test site with soil sample loca-

tions: (a) RapidEye bare soil image; (b) DEM; (c) Soil texture map. 

 

 

(a) (b) (c) 

Figure 3-3: Physical-geographical characteristics of each field composite test site with soil sample 

locations: (a) RapidEye bare soil image; (b) DEM; (c) Soil texture map. 

Owing to varying demand of remote sensing data handling provoked by different crop 

types, land uses, and/or strong relief influence, the test sites had to be categorized into 

(i) single fields and (ii) field composites. Due to consistent field management and crop 
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type, AOI2, AOI4, and AOI5 are classified as “single field” (Figure 3-2). Although AOI1 

and AOI3 are composed of single fields, these test sites are considered primarily as 

“field composites” due to different crop types and field management (AOI1, AOI3) as 

well as strong relief gradient (AOI3) (Figure 3-3). 

3.2.2 Baseline Data 

Since the aim of the MSPA workflow is to be transferable to other study areas at low 

costs, it is based just on optical satellite data reflectance. Thus, DEM data were not 

used because high-resolution DEM data are very costly and not available everywhere. 

Further, freely available DEM data (e.g., SRTM) would not significantly improve the 

modeling because of their low resolutions. In addition to using multispectral satellite 

imagery as model input data, extensive soil sampling and analysis were undertaken for 

model generation and validation, as well as data interpretation. Table 3-1 demonstrates 

the specific characteristics of all baseline data. 

Table 3-1: Baseline data and specific data characteristics. 

Category Data Characteristics 

Remote 

Sensing 

RapidEye 

Source: RapidEye Science Archive (RESA) & 

German Aerospace Centre (DLR) 

5 spectral bands (B, G, R, RE, NIR) 

2009: 8 (April, May, June, July, August, September) 

2010: 9 (June, July, August, September, October) 

2011: 21 (March, April, May, June, July, August, Septem-

ber, October) 

2012: 11 (January, March, April, May, June, July, August, 

October) 

2013: 1 (September) 

2014: 4 (March, April, May) 

GIS Field data Polygon shapefile of all study area field segments 

Ground 

truth 

Soil data 

Source: German Research Centre for Geosciences 

Potsdam 

Soil surface mixed sample: 731 

Soil properties: texture, soil acidity, OM, and CaCO3 

 

Soil Sampling and Analysis 

During the dry conditions of July and October 2013, comprehensive soil sampling that 

consisted of 731 soil samples was performed at all 16 test site fields. Using the infor-

mation on existing soil maps, DEMs and visible soil color patterns in the applied grid 

sampling design, a representative soil sample dataset was obtained. All sample posi-

tions were measured using a GPS with 5 m accuracy. This inaccuracy was reduced by 

generating a 5 m buffer around each sampling point, representing the position-specific 

mean values of the digital data (e.g., PCst1). For posterior statistical analysis, these 

mean values were extracted. Further characteristics of the sampling design are shown 

in Table 3-2. 

Table 3-2: Soil sampling design for each single field and field composite test site. 

Test sites 
Soil Samples Distance between Neighbouring Sampling Locations [m] 

N N/ha MEAN SD MIN MAX 

Single Fields 

AOI2 Sassen 149 1.2 69.8 24.4 23.1 130.9 
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AOI4 Beestland 80 2.7 42.5 12.1 15.9 85.4 

AOI5 Borrentin 170 1.6 66.3 12.4 12.1 98.4 

Field Composites 

AOI1 Jarmen 147 0.5 130.7 20.4 68.0 175.8 

AOI1a 48 0.5 125.6 19.5 68.0 153.3 

AOI1b 31 0.4 132.8 21.9 93.2 162.8 

AOI1c 18 0.4 143.3 14.7 114.7 158.6 

AOI1d 20 0.5 119.5 28.1 87.5 180.0 

AOI1e 13 0.4 143.6 10.8 136.1 173.9 

AOI1f 17 0.5 139.2 8.7 121.8 154.6 

AOI3 Buchholz 185 1.1 66.1 23.7 24.8 125.3 

AOI3a 22 1.2 67.0 21.8 31.5 115.7 

AOI3b 31 0.9 87.3 21.5 46.3 128.0 

AOI3c 25 0.4 94.6 18.0 61.4 125.3 

AOI3d 19 2.0 65.0 11.8 52.0 91.5 

AOI3e 46 4.5 43.8 8.5 24.8 62.6 

AOI3f 33 2.0 57.0 12.2 37.0 85.6 

AOI3g 9 1.5 62.2 11.1 44.5 62.2 

Demmin 731 1.0     

 

A representative soil surface mixed sample (500–700 g) composed of five subsamples 

within a 1 m radius and a depth of 10 cm was obtained at each location. The soil physi-

cal laboratory of the Department of Ecology of the University of Technology Berlin 

conducted the physical and chemical soil sample analysis: (1) particle size distribution 

using a combined sieve (fraction 0.063–2 mm) and pipette (fraction <0.063 mm) method 

[35]; (2) soil acidity (pH) with 0.01 m CaCl2 [36,37]; (3) OM content using the loss of 

ignition method [38–40]; and (4) (calcium) carbonate content (CaCO3) [41]. The particle 

size distribution results were applied to determine the soil texture classes according to 

the official German Soil Survey Description [42]. 

Remote Sensing Data 

For the field-based transfer and for the further development of the landscape-scale 

MSPA [1], the same multispectral, temporally- and spatially high-resolution, state-of-the-

art sensor RapidEye was used. Overall, 54 radiometrically-calibrated and georefer-

enced RapidEye scenes (Level 1B, Level 3A) from April 2009 to May 2014 were 

acquired from the RapidEye Science Archive (RESA) (Table 3-1). For this period of 

time, OM degradation effects are assumed to be negligible for the study area, because 

neither heavy precipitation (namely, erosion) events nor profound land use changes 

(except the conventional crop rotation) occurred. 

All RapidEye datasets were pre-processed, i.e., atmospherically-corrected using 

ATCOR for ERDAS IMAGINE, resampled to a pixel size of 6.5 m, image-to-image co-

registered using an in-house algorithm [43], and clipped to various extents (e.g., single 

field, field composite). The resulting RapidEye subsets, correspondingly-derived NDVI 

images (including descriptive statistics) became the basis for further image analysis. 

3.2.3 MSPA Workflow 

As this research is built upon the methodology of Blasch’s et al. (2015) [1] field-scale 

based MSPA workflow, a brief description of the analyzing steps is given (Figure 3-4). 
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Figure 3-4:  Analyzing steps of the MSPA workflow. 

(1) Selection of bare soil images in the RapidEye time series (data mining) using an 

automated classification based on NDVI thresholds (NDVI-MEAN, NDVI-SD) and phe-

nology data to avoid effects of temporal pattern, namely, to identify datasets with static 

soil pattern; (2) Soil reflectance pattern detection using standardized PCA on all bands 

of selected bare soil images (image mining) to re-arrange information according to the 

assumption that the percentage area of change is relatively smaller than the percentage 

area of no change, stable areas will appear in the lower-order PCs, and changing areas 

in the higher-order PCs [44,45]. This implies that the reflectance information of stable 

bare soil areas will show up in the lower-order PCs due to the pre-selection of bare soil 

images; (3) Evaluation of spatiotemporal soil pattern stability using statistical per-pixel 

analysis (stability analysis) to create an overall stability image calculated by the arithme-

tic mean (MEAN) of the pixel-wise reflectance change (namely, standard deviation, SD) 

between all identified bare soil images. A lower MEAN-SD per pixel corresponds to a 

more static reflectance pattern; (4) Functional soil mapping based on static soil pattern 

after stepwise exclusion of temporal effects applying percentile analysis to the overall 

stability image. For functional OM soil map generation the regression equation of PCst1 

and OM values within static soil pattern is applied to the PCst1-image using the Raster 

Calculator of ArcGIS Spatial Analyst. 

3.2.4 Application of Field-Based MSPA 

The analysis steps of the field-scale MSPA [1] (Chapter 3.2.3) were applied to each 

field, each test site and the calibration test site composite “Demmin” (AOI_CAL: Com-

posed of test sites AOI1, AOI3, AOI4, AOI5; namely, 15 fields) with the following 

modifications. 

The automated classification based on NDVI thresholds (NDVI-MEAN, NDVI-SD) and 

the phenological situation per crop on the acquisition date [1] were modified, because of 

the unavailability of vegetation (field/crop) data for all test sites, to “just” using these 

NDVI thresholds to separate the static soil pattern and the temporal vegetation/land 

management pattern. After removing all cloudy/shady subsets from the time series, the 

resulting RapidEye subsets were automatically classified into class 1 images with bare 

soils/ripe vegetation (NDVI-MEAN ≤ 0.2, NDVI-SD ≤ 0.07) and class 2 images with veg-

etation/management effects (NDVI-MEAN > 0.2, NDVI-SD > 0.07). By iterative visual 

image analysis with image-enhancement techniques (e.g., contrast stretching and false-

color composites), the most suitable (bare soil) images in class 1 were identified. 

Furthermore, for each field, each test site and the calibration test site composite, all of 

the identified bare soil subsets were stacked to one corresponding multitemporal bare 

soil image. To detect the soil reflectance pattern, a standardized PCA based on the 
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field-specific and test-site-specific correlation matrix was performed on each multitem-

poral bare soil image. Next, to analyze the average spatiotemporal stability of the bare 

soil reflectance pattern, the overall stability image (MEAN-SD) for each multitemporal 

stacked image was calculated using statistical per-pixel analysis [1]. 

The existence of a non-linear relationship between OM and PCst1 of bare soil images 

was shown at the demonstration field “Borrentin” [1]. To statistically analyze this de-

pendency, the position-specific mean values of (1) PCst1 of every multitemporal bare 

soil stacked image; (2) the overall stability; and (3) each soil property data (Table 3-3) 

were extracted at each soil sampling coordinate. Subsequently, after log10-

transformation of the PCst1 and OM values, the non-linear relationships were computed 

as simple linear regression using the R-script “Fitting Linear Models”. Moreover, the 

coefficient of determination (R²) was calculated as prediction quality criteria as well as 

the root mean square error (RMSE) to express the model robustness and the efficiency 

of the prediction method by the leave-one-out cross-validation [46]. A lower RMSE value 

corresponds to a more robust prediction model. 

To evaluate the outlier-influence on the prediction model, a visual model diagnosis using 

the scale-location-plot were performed. Detected potential outliers were visually verified 

with corresponding spectral and soil property data. Owing to unclear sample assign-

ment at the stage of laboratory and/or field work, in total 29 true outliers (4% of all 

samples) were identified and excluded from further prediction modeling. Based on the 

overall stability image, the iterative, percentile-based statistical analysis from the MSPA 

workflow was performed to define the best threshold between the static and temporal 

reflectance patterns. All OM sample data below the best-separating threshold were ap-

plied to the prediction modeling as the values that represent the static soil reflectance 

pattern. For functional soil mapping purposes of the OM content, the resulting regres-

sion equations were adapted to the analogous multitemporal PCst1-image. 

Table 3-3: Descriptive statistics of soil parameters (SD: standard deviation; CV: coefficient of varia-

tion). 

Soil Parameter Mean SD CV [%] Skew Min Max 

OM [%] N = 731 4.0 4.2 17.5 7.8 0.9 54.8 

pH N = 731 6.6 0.6 0.4 -0.4 4.5 8.0 

CaCO3 [%] N = 80 2.5 2.5 6.2 1.0 0.1 8.4 

Clay [%] N = 722 12.0 5.6 31.4 1.1 2.7 35.1 

Silt [%] N = 722 27.6 7.3 53.6 0.6 4.5 59.0 

Sand [%] N = 722 60.4 11.0 121.6 -0.6 19.8 92.0 

 

The very slightly acidic topsoil layer (pH-mean: 6.6) of all test sites has a low amount of 

CaCO3 data (10.9% of all soil samples) with low CaCO3 values (Mean 2.5% and SD 

2.5%) (Table 3-3). Furthermore, 98.9% of the analyzed soil samples belong to the fol-

lowing main soil texture groups [42]: (1) sands (54.6%) composed principally of loamy 

sands (43.8%) and silty sands (10.7%) and (2) loams (44.3%) composed of sandy 

loams (28%), normal loams (15%), and clayey loams (1.4%). In total, loamy-sandy top-

soil layers (71.8%) were predominant; 69.1% of all soil samples have moderate OM 
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content (2–4 OM-%), followed by 21.2% with strong OM content (4–8 OM-%), 5.3% with 

low OM content (1–2 OM-%), 2.3% with very strong OM content (8–15 OM-%), 1.2% 

with extreme OM content (peaty mineral soil) (15–30 OM-%), 0.5% with peat (>30 OM-

%), and 0.3% with very low OM content (0–1 OM-%). The main OM value range of the 

study area Demmin is from 0 OM-% to 15 OM-% (98.2% of all soil samples). 

3.2.5 Development of the Multi-Field Landscape-Scale Version of MSPA 

For model transfer to the landscape scale of the study area, the calibration test site 

composite “Demmin” (AOI_CAL; 525 soil samples) and its previously calculated MSPA 

results (Section 3.2.4) were used as a representative basic dataset for the young mo-

rainic soil landscape of the Demmin region covering the diversity of the 

geomorphological, topographical, and soil characteristics. To secure the identical PC-

transformation parameters and consequently to enable the transfer of identical soil pat-

tern detection characteristics from the field scale to the landscape scale, the correlation 

matrix of AOI_CAL was extracted at the PC-transformation step. After exclusion of all 

previously-identified outliers the log-transformed linear regression model was computed 

and consequently used as a regional prediction model. AOI2 with 147 soil samples 

(~22% of all samples without outliers) represents the primary validation test site. 

To avoid the persistent problem of heterogeneous spatial reflectance patterns in single 

remote sensing datasets, for model transfer to the landscape-scale the multitemporal 

approach was obligatory to create bare soil image mosaics of the study area, which can 

be used as MSPA input datasets to cover all agrarian fields of the study area without 

temporal patterns. Heupel 2013 [47] developed a selection algorithm to identify the 

most suitable RapidEye dataset for soil surface analysis within the RapidEye time se-

ries for each field segment of a polygon shapefile. Threshold values were used for 

excluding negative effects, such as clouds, shadows, and vegetation (NDVI-MEAN, 

NDVI-CV). The product was a multitemporal bare soil image mosaic for each poly-

gon/field segment at various times of the acquisition. 

The vegetation thresholds of the in-house developed algorithm were modified using the 

same threshold values of the MSPA workflow (NDVI-MEAN, NDVI-SD; Section 3.2.4). 

Due to the quantity of field polygons, visually analyzing the negative effects of ripe veg-

etation in each polygon would be very time consuming, inefficient, and inaccurate. Here, 

further development of the in-house algorithm regarding the separation between ripe 

vegetation and bare soil might be required. Nevertheless, as the best existing option (to 

our knowledge), this algorithm was applied to compute bare soil image mosaics for the 

study area based on the shapefile of all study area field segments. 

To maintain the multitemporal approach, it was necessary to compute three mosaics of 

the study area and substitute the three bare soil images of AOI_CAL in the field-based 

MSPA workflow because one mosaic substitutes for only one bare soil image. To avoid 

repetitions of already-used bare soil images per polygon in a previous composite, the 

identified bare soil images per polygon were sorted from low NDVI-SD to high NDVI-

SD. The first mosaic was all bare soil images of the lowest NDVI-SD, the second mosa-

ic was the second lowest NDVI-SD images and so forth. Therefore, three bare soil 
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image mosaics were computed based on the three lowest NDVI-SD values of each field 

segment without repetition of previous NDVI-SD values. The described step to generate 

multitemporal bare soil image mosaics replaces the data-mining step of the modified 

MSPA workflow (Section 3.2.4). All following analysis steps of the modified MSPA work-

flow were applied to the three bare soil image mosaics of the study area, and functional 

OM maps based on the improved regional prediction model were generated. At the im-

age mining step using standardized PCA, the previously extracted correlation matrix 

was used to transfer the identical transformation parameters from AOI_CAL to the study 

area bare soil image mosaics. 

3. 3 Results and Discussion 

3.3.1 Relationships between Soil Properties and PCst1 of Multitemporal Bare 

Soil Images 

To understand the general potential and the method transferability of MSPA, for each 

single field (16 field polygons), each side-by-side field composite (two composites), and 

one distant field composite (AOI_CAL), the relationship between the PCA-detected soil 

reflectance patterns (values of PCst1) and the laboratory-analyzed soil parameters 

(OM, clay, silt, and sand) were statistically investigated using regression analysis (Ta-

bles 3-4a and 3-5a). Exploiting the advantage of multitemporal data, the OM prediction 

model based on static soil pattern was calculated after the elimination of temporal influ-

ences (Table 3-4b, Table 3-5b). 

In general, the potential of MSPA for OM estimation is revealed for both single fields and 

field composites independent of the sample size/density, the number of bare soil imag-

es, and/or physical-geographical and land use characteristics. 

Single Fields 

Table 3-4a “Evaluation of MSPA” shows the number of detected bare soil images, the 

number of identified soil sampling outliers, the number of remaining (used) soil samples 

after outlier elimination, and the coefficient of determination (R²) for each regression 

analysis between PCst1 and the corresponding soil parameter (OM, clay, silt, and 

sand). Further, the characteristics of the improved OM prediction model based on 

MSPA, such as the best percentile threshold for eliminating temporal effects, the num-

ber of sampling points used for the prediction model generation, model-quality and 

model-robustness criteria (R² and RMSE), and the results of the OM prediction model, 

expressed as the extremes of the modeled OM values are demonstrated in Table 3-4b. 
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Table 3-4: (a) Results of the identified bare soil images, outlier detection and R² for the relationship 

between the soil parameter (dependent variable) and the PCst1 of the multitemporal im-

ages (independent variable) for each single field test site and each single field polygon of 

the field composite test sites; (b) characteristics and results of improved OM model based 

on MSPA; (* sample number for texture analysis; B.S.I. = Bare soil images; P. = percen-

tile). 

Test Sites 

(a) Evaluation of MSPA (b) Characteristics of OM Model Based on MSPA 

B.S.I. Outlier Samples OM Clay Silt Sand P. Samples R² RMSE OM MIN OM MAX 

N N N R² R² R² R²  N  [%] [%] [%] 

Single Fields 

AOI2 Sassen 3 2 147 / 146* 0.71 0.08 0.08 0.11 83 122 0.72 9.6 1.6 26.4 

AOI4 Beestland 5 3 77 0.66 0.21 0.00 0.05 69 50 0.71 13.7 2.0 7.1 

AOI5 Borrentin 6 0 170 / 162* 0.79 0.12 0.02 0.07 70 132 0.81 8.0 1.5 54.8 

Single Field Polygon of each Field Composite 

AOI1a 9 3 45 0.87 0.15 0.00 0.04 100 45 0.87 8.3 2.0 8.5 

AOI1b 6 2 29 0.86 0.72 0.44 0.65 94 28 0.87 10.3 2.1 7.5 

AOI1c 11 1 17 0.91 0.00 0.63 0.49 64 12 0.94 8.7 3.5 6.2 

AOI1d 7 3 17 0.76 0.38 0.20 0.31 100 17 0.76 14.8 2.3 4.0 

AOI1e 11 2 11 0.78 0.67 0.71 0.82 73 10 0.79 13.3 2.6 4.6 

AOI1f 10 1 16 0.74 0.59 0.40 0.56 89 14 0.82 11.1 2.4 4.5 

AOI3a 8 2 19 0.72 0.28 0.40 0.40 83 15 0.76 13.1 2.6 6.9 

AOI3b 7 3 28 0.72 0.51 0.46 0.72 100 28 0.72 14.9 1.8 5.8 

AOI3c 8 2 23 0.68 0.21 0.01 0.08 74 15 0.75 16.5 2.2 4.3 

AOI3d 7 0 19 0 0.42 0.04 0.27 No OM modelling 

AOI3e 8 2 44 0.70 0.13 0.00 0.12 76 36 0.71 12.0 2.3 5.8 

AOI3f 8 3 30 0.81 0.38 0.23 0.49 99 29 0.81 10.9 1.9 5.1 

AOI3g 7 0 9 0 0.64 0.11 0.55 No OM modelling 

 

Table 3-5: (a) Results of the identified bare soil images, outlier detection and R² for the relationship 

between the soil parameter (dependent variable) and the PCst1 of the multitemporal im-

ages (independent variable) for each field composite (site-by-site: AOI1, AOI3; distant-

field: AOI_CAL); (b) characteristics and results of improved OM model based on MSPA; (* 

sample number for texture analysis; B.S.I = Bare soil images; P. = percentile). 

Test Sites 

(a) Evaluation of MSPA (b) Characteristics of OM Model Based on MSPA 

B.S.I. Outlier Samples OM Clay Silt Sand P. Samples R² RMSE OM MIN OM MAX 

N N N R² R² R² R²  N  [%] [%] [%] 

Field composites 

AOI1 Jarmen 4 12 136 0.77 0.26 0.20 0.27 100 136 0.77 9.7 2.0 8.5 

AOI3 Buch-

holz: 

without AOI3dg 

4 12 143 0.60 0.33 0.17 0.39 91 139 0.63 13.8 1.8 5.8 

AOI_CAL: 

without AOI3dg 
3 27 525 / 517* 0.67 0.15 0.01 0.07 60 351 0.69 7.5 1.5 54.8 

 

For all remaining OM samples, significant (p-value <2.2e-16) linear (after log-

transformation) regression models for PCst1 and OM with a coefficient of determination 

R² ≥ 0.66 was obtained for each single field. “An increase in OM content is correlated 

with a decrease in the spectral reflectance value of PCst1, and consequently, the darker 
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the soil pattern, the higher the OM content, and the lighter the soil pattern, the lower the 

OM content” [1]. Spielvogel et al. (2004) [26] and Konen et al. (2003) [48] found a simi-

lar non-linear correlation between OM and soil lightness resp. soil color (Munsell value, 

chroma, and reflectance). The only exceptions are AOI3d and AOI3g: Due to relief-

shadow effects (AOI3d) and a very low sample size of nine (AOI3g), no correlation was 

found. The problem of relief-induced shadow effects is very common in remote sensing. 

Since shadow areas always contain disturbed reflectance values and lead to incorrect 

data interpretation, they should be masked and excluded from further modeling. Subse-

quently, these single fields were excluded from the field-composites (AOI3, AOI_CAL) 

and their spatial/statistical analyses. 

At the single field polygon level, the coefficients of determination (OM, PCst1) vary sub-

stantially (0.66 ≤ R² ≤ 0.91), with the lowest for AOI4 and the highest for AOI1c. The R² 

of all single fields of the field-composites ranges between 0.74 and 0.91 for test site 

AOI1 and between 0.68 and 0.81 for AOI3 (Table 3-4a). Note that low sample sizes 

and/or input data quality, besides physical-geographical characteristics (e.g., relief), can 

lead to fluctuations. Therefore, excluding low-sampled (<25 samples) single fields from 

further discussion, for some single fields, the clay (AOI1b: R² = 0.72) or/and sand 

(AOI1b, AOI3b: R² ≥ 0.65) contents may also significantly influence (linear correlation) 

the soil reflectance pattern. Spielvogel et al. (2004) [26] stated that soil spectral reflec-

tance could be affected by (in order of priority) OM (principal determinant), CaCO3, clay, 

silt, and sand contents, even when no significant correlations between PCst1 and the 

texture parameters existed. The glaciomorphological and pedological genesis of the 

young morainic soil landscape of Northern Germany result in the soil reflectance not 

showing the darkening effect of Fe-oxides [49]. Thus, for interpreting the MSPA results 

at the single field polygon level, additional soil texture information (e.g., soil maps) might 

be necessary for mapping critical interpretation zones, even at the landscape scale. 

After eliminating the temporal effects, all significant linear regression models for the OM 

estimation were improved (R² ≥ 0.71) with the exception of AOI1a, AOI1d, and AOI3b. 

The model robustness (RMSE) varies between 8.0% and 16.5% (Table 3-4b). 

Field Composites 

The number of detected bare soil images, the number of identified soil sampling outli-

ers, the number of remaining (used) soil samples, and the coefficient of determination 

(R²) for each regression analysis between PCst1 and the corresponding soil parameter 

(OM, clay, silt, and sand) is depicted in Table 3-5a. Additionally, in part (b) of Table 3-5, 

the characteristics of the improved OM prediction model, such as the best percentile 

threshold for eliminating temporal effects, the number of sampling points used for the 

prediction model generation, model-quality and model-robustness criteria (R² and 

RMSE), and the results of the OM prediction model, expressed as the extremes and the 

range of modeled OM values are shown. 

Similar to the single fields, significant (p-value <2.2e-16) linear (after log-transformation) 

regression models for PCst1 and OM with a coefficient of determination R² ≥ 0.6 were 
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computed for both types of field composites. Due to the large sample sizes for the side-

by-side field composites (>100 samples) and distant field composite (>500 samples) 

any negative effects on statistical analysis were avoided. The results reveal that no cor-

relation between PCst1 and the corresponding soil texture parameters exists. Side-by-

side field composites showed a variable R² (0.60 ≤ R² ≤ 0.77), with the lowest value for 

AOI3 and the highest value for AOI1. Analyzing AOI_CAL, while simultaneously testing 

different bare soil image combinations, demonstrated an R² between 0.62 and 0.67, 

with best result using the bare soil images from 15 September 2009, 20 September 

2009, and 22 September 2010 (Table 3-5a). At the field polygon union step of the com-

posite generation process, the probability of including temporal effects of vegetation and 

land management increases considerably due to diverse management practices (e.g., 

farming techniques, crop types, and schedule of arable farming). Moreover, we assume 

that the prediction model is also influenced by the complex cause and effect relation-

ships of relief, soil moisture and soil texture. 

For this reason, it is absolutely necessary to exclude temporal effects using the stability 

and percentile analysis steps of MSPA to improve the OM prediction modeling and func-

tional soil mapping. So, all significant linear regression models for the OM estimation 

were improved regarding quality (side-by-side field composites: R² ≥ 0.63, distant field 

composites: 0.66 ≤ R² ≤ 0.69) with the exception of AOI1 Jarmen. The RMSE ranges 

between 7.5% and 13.8% (Table 3-5b). 

Analogous to Blasch et al. 2015 [1], high variance between some log OM values (in the 

range of 0.3% and 0.7%) and PCst1 was observed, which indicates the influence of 

several parameters on the PCst1 spectral reflectance, even for significant regressions 

with high R² values. We assume that the complex interdependency of relief, soil texture, 

and soil humidity influence the soil reflectance characteristics. This might explain the 

variation in the prediction model quality criteria between test sites. Hypothetically, flat 

relief with no inclination (AOI1, AOI4), and/or homogenous soil textures (AOI2, AOI4, 

AOI5), have a small influence. Rather, analyzing the different physical-geographical 

backgrounds of all five test sites, we suspect the considerable factors are principally the 

heterogeneous soil texture (especially high clay content) for AOI1 Jarmen (R² = 0.77, 

RMSE = 9.7%), the undulating/hilly relief with eroded hilltops (CaCO3 presence) for 

AOI2 Sassen (R² = 0.72, RMSE = 9.6%), the combination of hilly relief with steep, partly 

eroded slopes (AOI3f: CaCO3-presence) and heterogeneous soil textures for AOI3 

Buchholz (R² = 0.63, RMSE = 13.8%), and the distance to the groundwater table for 

AOI4 (R² = 0.71, RMSE = 13.7%) (Figures 3-2 and 3-3). AOI5 shows the best prediction 

criteria (R² = 0.81, RMSE = 8.0%). For all test sites, the absolute RMSE fluctuate up to 

1.3 OM-%. However, by analyzing diverse bare soil image combinations for AOI_CAL, 

robust improved OM prediction models with R² ≥ 0.66 and RMSE ≤ 7.7% were comput-

ed. The AOI_CAL test site contains all discussed physical-geographical characteristics 

of four MSPA-studied test sites. 

Regarding prediction quality and robustness, for both single fields and field composites 

(except for AOI3 and AOI_CAL) the results of OM estimation based on MSPA using 

broadband multispectral RapidEye satellite imagery are in the same range of quality as 
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other modeling techniques using proximal sensors. Using a narrowband VIS-NIR spec-

trometer for stationary and in situ proximal sensing at the field scale, Ji et al. (2015) [25] 

modeled soil organic carbon with R² = 0.71 by calibrating field spectra data against 

large laboratory-derived spectroscopic databases of local soils. With field spectrometry 

using a narrowband spectroradiometer in the VIS, NIR and SWIR range, Denis et al. 

(2014) [26] could improve field scale-based measurement results of soil organic carbon 

from R² 0.77 to 0.89 and 0.89 to 0.91 by soil shadow corrections. In general, airborne 

hyperspectral imagery provide more accurate OM modeling results (e.g., R² ≥ 0.93 

[26]). 

3.3.2 Regional Prediction Model for Organic Matter 

According to the highest R² = 0.69 and the very robust RMSE = 7.5%, the prediction 

model of AOI_CAL (here 351 soil samples) with the greatest improvement based on a 

60% threshold of the corresponding overall stability image, after eliminating the model 

input soil sampling points within the detected temporal pattern, was chosen as the best 

regional prediction model option for mapping the study area at the landscape scale. To 

produce SSM user-friendly functional soil maps based on real OM values, it is essential 

to re-transform the linear regression function and the coefficients of AOI_CAL back to a 

non-linear regression function. Consequently, the re-transformed regression equation of 

the regional prediction model is: y = 426245689 × x −2.094, whereby y = OM in % and x = 

PCst1. Functional OM soil maps based on this regional prediction model are computed 

with an absolute RMSE of 1.3 OM-%. Strong tendency of underestimation exists start-

ing from 15 OM-% on with increasing prediction error (predicted versus measured OM 

values). This was also confirmed at the model-independent validation test site AOI2 

(absolute RMSE > 1.4 OM-%). Applying the found prediction model to all 525 soil sam-

ples of AOI_CAL and to 147 soil samples of AOI2, the prediction error varies between 

1.0 OM-% (AOI_CAL) and 1.4 OM-% (AOI2) for the OM main value range of the Dem-

min region (0–15 OM-%). Additionally, the improved regional prediction model (Figure 

3-5) demonstrates the accuracy of OM prediction for OM values below 15 OM-% by 

comparing them to measured OM values. 
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Figure 3-5: (a) Regional prediction model—Scatterplot of the relationships between OM and the 

standardized PC 1 of the multitemporal bare soil images of AOI_CAL based on the static 

soil pattern (threshold: 60%); (b) predicted versus measured OM values for OM values 

below 15 OM-% based on the regression equation of the regional prediction model 

(brown line: One-to-one line; orange line: absolute RMSE boundary). 

3.3.3 Organic Matter Estimation Based on the Multifield Landscape-Scale Ver-
sion of MSPA 

To achieve high-quality model input data for the MSPA at the landscape scale, the 

MSPA NDVI-threshold-adapted version of the in-house selection algorithm [47] was ap-

plied to the study area field segments shapefile. Thus, for the NDVI thresholds (MEAN 

0.2, SD 0.07), three bare soil image mosaics from lowest to highest SD value were cre-

ated, applying the modified algorithm to 15 suitable datasets out of the RapidEye time 

series (Figure 3-6). 

 

Figure 3-6:  Bare soil mosaics for all fields of the study area (red rectangle) including AOI_CAL (yel-

low polygons/circle) and the validation test site AOI2 (red polygons/circle). 

These bare soil image mosaics are composed of 1415 field polygons, covering an area 

of 343.48 km². In some polygons, strong temporal patterns (e.g., vital and ripe vegeta-

tion and land management) are still visible. The NDVI-MEAN threshold controls the 

quantity and the quality of the bare soil image per field segment. Reducing this thresh-

old leads to fewer field segments for bare soil image detection (e.g., for NDVI-MEAN 

0.15 1151 polygons; for NDVI-MEAN 0.1 569 polygons) and to considerably-diminished 

strong temporal patterns, such as the presence of vital plants and land management. 

Despite the substantial improvement, the separation between ripe vegetation and bare 

soil images still remains difficult. Different spectral resolution and position of wavelength 

of other multispectral remote sensing sensors (e.g., Landsat-8, Sentinel-2) and hyper-

spectral Earth observation systems (e.g., EnMAP, HISUI, HyspIRI, PRISMA), as well as 

the combination of multispectral and radar imagery (e.g., ASAR/ENVISAT [50]), might 

be promising for improved separation of bare soil and ripe vegetation as well as for de-

tection of land management effects. 

Based on the three PCA-transformed bare soil mosaics (Figure 3-7) using the correla-

tion matrix of AOI_CAL (Table 3-6), the enhanced regression equation of AOI_CAL was 

transferred to the study area fields. Thus, a functional soil map of OM was derived and 
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classified with the adaption to the official German Soil Survey Description [42] (Figure 

3-7). 

To demonstrate the quality of the OM soil map at the landscape scale based on the re-

gional prediction model and to visualize the behavior of the predicted OM pattern, 

Figure 3-8 shows the map sections of each test site compared with the field-scale OM 

soil map of each test site based on the test-site-specific prediction model, including the 

corresponding laboratory-analyzed OM soil sampling results. For the landscape-scale 

OM soil map the AOI2 test site is the primary validation site, which is not represented in 

the applied regional prediction model (Chapter 3.2.5). Consequently, the OM values of 

this validation test site were modeled in this map independently of the corresponding 

soil samples. 

 

Figure 3-7:  (Left) PCst1-transformed bare soil image mosaics of the study area (red rectangle) using 

the correlation matrix of AOI_CAL (yellow polygons/circle); (right) OM functional soil map 

based on the regional regression equation (Chapter 3.3.2) and the PCst1-transformed 

bare soil image mosaics (OM classification adapted to the official German Soil Survey 

Description with soil sampling results); validation test site AOI2 (red polygons/circle). 

Table 3-6: Correlation matrix of AOI_CAL. 

1 0.9963 0.9960 0.9951 0.9934 0.9876 0.9898 0.9896 0.9910 0.9876 0.9697 0.9746 0.9770 0.9796 0.9727 

0.9963 1 0.9989 0.9986 0.9971 0.9882 0.9916 0.9917 0.9938 0.9904 0.9770 0.9821 0.9839 0.9860 0.9798 

0.9960 0.9989 1 0.9986 0.9970 0.9879 0.9919 0.9928 0.9940 0.9905 0.9768 0.9821 0.9841 0.9860 0.9804 

0.9951 0.9986 0.9986 1 0.9977 0.9870 0.9908 0.9912 0.9946 0.9909 0.9810 0.9856 0.9870 0.9898 0.9842 

0.9934 0.9971 0.9970 0.9977 1 0.9824 0.9866 0.9866 0.9902 0.9886 0.9787 0.9830 0.9840 0.9853 0.9806 

0.9876 0.9882 0.9879 0.9870 0.9824 1 0.9963 0.9955 0.9946 0.9930 0.9612 0.9647 0.9685 0.9714 0.9615 

0.9898 0.9916 0.9919 0.9908 0.9866 0.9963 1 0.9987 0.9980 0.9968 0.9684 0.9720 0.9755 0.9776 0.9686 

0.9896 0.9917 0.9928 0.9912 0.9866 0.9955 0.9987 1 0.9980 0.9962 0.9693 0.9736 0.9772 0.9792 0.9710 

0.9910 0.9938 0.9940 0.9946 0.9902 0.9946 0.9980 0.9980 1 0.9979 0.9766 0.9801 0.9831 0.9857 0.9776 

0.9876 0.9904 0.9905 0.9909 0.9886 0.9930 0.9968 0.9962 0.9979 1 0.9735 0.9755 0.9789 0.9801 0.9717 

0.9697 0.9770 0.9768 0.9810 0.9787 0.9612 0.9684 0.9693 0.9766 0.9735 1 0.9948 0.9939 0.9921 0.9882 
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0.9746 0.9821 0.9821 0.9856 0.9830 0.9647 0.9720 0.9736 0.9801 0.9755 0.9948 1 0.9979 0.9971 0.9950 

0.9770 0.9839 0.9841 0.9870 0.9840 0.9685 0.9755 0.9772 0.9831 0.9789 0.9939 0.9979 1 0.9976 0.9942 

0.9796 0.9860 0.9860 0.9898 0.9853 0.9714 0.9776 0.9792 0.9857 0.9801 0.9921 0.9971 0.9976 1 0.9971 

0.9727 0.9798 0.9804 0.9842 0.9806 0.9615 0.9686 0.9710 0.9776 0.9717 0.9882 0.9950 0.9942 0.9971 1 
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Figure 3-8: (Left) Map section of the landscape-scale OM soil map based on the regional prediction 

model for each test site with the validation test site AOI2 (red rectangle); (right) field-

scale OM soil map of each test site based on the test-site-specific prediction model (OM 

classification adapted to the official German Soil Survey Description with soil sampling 

results). 

Observing the quality criteria and robustness of the regional (R² = 0.69) and local pre-

diction models of AOI1 (R² = 0.77), AOI2 (R² = 0.72), AOI3 (R² = 0.63), AOI4 (R² = 

0.71), and AOI5 (R² = 0.81), besides the significant improvement in the model robust-

ness (especially AOI3, AOI4), a quality decrease from the field scale to the landscape 

scale based OM maps was expected, with the exception of AOI3. 

When checking the mapped and classified OM values, a very similar size and distribu-

tion of class zones between the soil maps were noted at the validation test site AOI2, 

with slight variations at AOI2 (OM classes ≥8.01%), and at the calibration test sites 

AOI1 and AOI5, with slight changes in the southern field areas (AOI1a, AOI1c) and 

strong changes in the some field areas of AOI1e and AOI1f. Generally, at AOI3, the ma-

jority of the sizes and distributions of the predicted OM class zones had only slight 

variations; however, in several cases, the same zones were shifted to the next higher 

OM class (AOI3a, AOI3b, and AOI3f). At AOI4, a strong change in the size and distribu-

tion were observed with an increase of the OM class zone from 4.01 to 8.00, particularly 

in the eastern field. 

To assess the classification accuracy of field-scale and landscape-scale based OM 

maps, confusion matrixes were computed for each test site. For all test sites together, 

Table 3-7 reveals that the overall accuracy (OAA) between both map types differs about 

6% (field-scale OAA: 62%; landscape-scale OAA: 56%) with similar slight tendency of 

overprediction in lower OM classes (≤3.00) and underprediction in higher OM classes 

(≥4.01). In contrast to the landscape scale classification, the field scale classification 

contains low underprediction for the OM class 3.01 to 4.00. The higher producer’s accu-

racy (≥60%) indicates for both maps substantial correct class assignment of 

corresponding reference samples for the classes 2.01 to 8.00 at the field scale and for 

the classes 2.01 to 3.00, 4.01 to 8.00, and 8.01 to 15.00 at the landscape scale. Moder-

ate producer’s accuracy (40% to 60%) was obtained for the classes 4.01 to 8.00 (field-

scale OM map) and 3.01 to 4.00 (landscape-scale OM map). Except for the classes 

≤2.00 and 8.01 to 15.00, the probability that a predicted value of the classified OM map 

actually represents the class of measured value (consumer’s accuracy) is 3% to 15% 

higher in the field scale OM soil map. As a measure of strength for the relationship be-

tween classification results and reference data, the calculated Kappa coefficients of 

agreement is 0.5 (moderate agreement) for the field scale OM map and 0.4 (moderate 

agreement) for the landscape scale OM map. The moderate agreement as well as the 

relatively low OAA result from the prediction error range (absolute RMSE ≤ 1.3 OM-%) 

(Section 3.3.1) in relation with small class sizes of 1 OM-% for lower OM values. Con-

sidering a one-class-classification-error as acceptable, the adjusted OAA increases 

considerably (field-scale OAA ± 1 class: 98%; landscape-scale OAA ± 1 class: 96%). 



 

 

 

74 Organic Matter Modelling at the Landscape Scale Based on Multitemporal Soil Pattern Analysis Using 
RapidEye Data        

The conventional OAAs of the validation test site AOI2 (field-scale OAA: 65%; land-

scape-scale OAA: 61%) as well as the calibration test sites AOI1 (field-scale OAA: 69%; 

landscape-scale OAA: 62%) and AOI3 (field-scale OAA: 56%; landscape-scale OAA: 

50%) are 4% to 7% more accurate for the field scale maps. AOI4 shows considerable 

deterioration of 12% (field-scale OAA: 65%; landscape-scale OAA: 43%) due to low 

image quality of one input bare soil image mosaic with considerable temporal effects of 

ripe vegetation in the eastern part of the field at the field polygon. The OAA at AOI5 

(field-scale OAA: 57%; landscape-scale OAA: 58%) improved about 1% from the field 

scale to the landscape scale map because of increasing correct value assignment for 

the class 8.01 to 15.00. 

Table 3-7: Confusion matrix of the measured OM values (reference) with predicted OM values (clas-

sification) for field-scale and landscape-scale based OM soil maps (P.A.: producer’s 

accuracy, C.A.: consumer’s accuracy). 

Field-Scale Based OM Soil Map 

All Test Sites 
Reference (Measured) 

≤2.00 2.01–3.00 3.01–4.00 4.01–8.00 8.01–15.00 15.01–30.00 ≥30.01 Total C.A. (%) 

classification 

(predicted) 

≤2.00 11 17 1 0 0 0 0 29 38% 

2.01–3.00 17 142 39 3 0 0 0 201 71% 

3.01–4.00 1 41 108 33 0 0 0 183 59% 

4.01–8.00 0 6 33 76 4 1 0 120 63% 

8.01–15.00 0 0 0 6 4 3 0 13 31% 

15.01–30.00 0 0 0 0 1 2 2 5 40% 

≥30.01 0 0 0 0 0 0 1 1 100% 

total 29 206 181 118 9 6 3 552 
 

P.A. (%) 38% 69% 60% 64% 44% 33% 33% 
 

62% 

Landscape-Scale Based OM Soil Map 

classification 

(predicted) 

≤2.00 8 9 0 0 0 0 0 17 47% 

2.01–3.00 19 131 40 2 0 0 0 192 68% 

3.01–4.00 2 52 82 26 0 0 0 162 51% 

4.01–8.00 0 14 59 82 3 2 0 160 51% 

8.01–15.00 0 0 0 8 6 3 0 17 35% 

15.01–30.00 0 0 0 0 0 1 3 4 25% 

≥30.01 0 0 0 0 0 0 0 0 0% 

total 29 206 181 118 9 6 3 552 
 

P.A. (%) 28% 64% 45% 69% 67% 17% 0% 
 

56% 

 

3.3.4 Operability of MSPA for Organic Matter Estimation Based on the Regional 

Prediction Model “Demmin” 

According to the crop type and the image acquisition conditions (e.g., signal to noise 

ratio), the most suitable temporal window of RapidEye data for MSPA at the study area 

is generally the phase of seeding (winter crops: mid-August to October; summer crops: 

mid-March to mid-May). Using the found regional prediction model “Demmin” (Section 

3.3.2), OM can be predicted at the field-scale as well as at the multi-field landscape 

scale for any single field or field composite of the study area Demmin without additional 

time-consuming, cost-intensive soil sampling and laboratory analyses. 

First, exactly three bare soil images of good quality without any vegetation and/or land 

management influence are needed. Depending on site-specific characteristics and land 

management practices, images should not be more than three to five years apart in 
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terms of time, to avoid any OM degradation effects. To create a precise multitemporal 

bare soil image of the agrarian field of interest without any mixed-pixel influence of field 

boundary vegetation and/or surrounding trees, all three bare soil images should be 

stacked together and clipped to the precise extent of the field boundary with a buffer of 

20 m. The correlation matrix of AOI_CAL (Table 3-6) must be applied as transformation 

parameters to the standardized PCA of the multitemporal stacked bare soil image, to 

obtain the field-specific PCst1-image as prediction model input data. Finally, OM soil 

map can be produced by introducing the PCst1-image to the regression equation of the 

regional prediction model (Section 3.3.2) using for example the Raster Calculator of 

ArcGIS Spatial Analyst.  

Due to the commercial character of the RapidEye satellite system (0.95 €/km²) [51], the 

54 used RapidEye datasets would cost 42,784.20 € for the study area of 834 km². Cov-

ering an area of 343.48 km², the generated OM soil map at the landscape scale based 

on the regional prediction model “Demmin” cost 124.56 €/km² (namely, 1.25 €/ha) ex-

clusive of additional costs of manpower, working time, soil sampling, and laboratory 

analyses. In case of the regional model application to any field of the study area, soil 

sampling, and corresponding laboratory analyses would be redundant. Assuming 20 

RapidEye datasets (ordered within the crop type-depending, most suitable temporal 

window) as sufficient for MSPA application, the costs would range between 4.75 €/ha 

and 0.95 €/ha for common farm sizes (2000 ha to 10,000 ha) in Mecklenburg-Western 

Pomerania, taking into account the minimum order size of RapidEye data (500 km²). 

In the future, the combination of the MSPA method with free available Sentinel-2 or 

Landsat-8 data will enable a high operational use at multiple scales and no cost for im-

age acquisition. This could be improved with the link to locally-developed and/or 

existing soil spectral libraries such as the European Land Use/Cover Area Statistical 

Survey database (LUCAS) [52]. 

3. 4 Conclusions and Outlook 

This research presents the development and implementation of a multi-field landscape-

scale version of Blasch’s et al. (2015) [1] field-scale based multitemporal soil (reflec-

tance) pattern analysis (MSPA) method for organic matter (OM) prediction using 

RapidEye satellite imagery. In the process of method development, the field-scale 

based MSPA was successfully applied to single fields and field composites with diverse 

physical-geographical location characteristics. Subsequently, functional soil maps based 

on a field-specific non-linear relationship between OM soil sampling data and the soil 

pattern detecting first principal component (PCst1) could be computed. By combining 

the field-specific location characteristics of single fields and field composites, a regional-

ly significant and very robust OM prediction model (R² = 0.69; relative RMSE = 7.5%) 

with a prediction accuracy of 1.3 OM-% (absolute RMSE) based on 351 soil samples 

within highly-stable spatiotemporal reflectance patterns was found for the study area 

Demmin. The transfer of the regional OM prediction model to the multi-field landscape 

scale was realized using the extracted correlation matrix from the standardized principal 
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component analysis step and the bare soil image mosaics generated by the modified 

selection algorithm [47]. This enabled the generation of a precise OM soil map at the 

landscape scale for all agrarian fields within the study area. Resulting landscape-scale 

based OM soil map demonstrated a high degree of accordance to field-specific OM soil 

maps. 

Consequentially, the MSPA approach using the found regression equation of the re-

gional prediction model “Demmin” combined with RapidEye data allow precise OM 

estimation for agrarian fields of the Demmin region, as cost-efficient, highly operable 

and rapid method. All application steps as well as the most suitable temporal window of 

RapidEye data have been explained in detail. To evaluate the validity of the regional 

prediction model “Demmin” for distant agrarian fields of the young morainic soil land-

scape of Northeastern Germany, further studies with additional soil sampling will be 

conducted on agrarian fields of the Quillow catchment area, which is also located in the 

northeastern lowlands of Germany, 5 km west of Prenzlau and ~75 km southeast of 

Demmin. 

As Blasch et al. (2015) [1] already stated, in the future, high-resolution functional OM 

soil maps at multiple scales that are derived from static soil patterns could be applied in 

the form of ancillary data for SSM in PA (e.g., sowing intensity) and for further soil sci-

ence related activities (e.g., soil survey preparation, digital soil mapping, erosion 

models, and organic carbon stock modeling). 
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4 Evaluation of Regional Organic Matter Predic-

tion Models Based on Multitemporal Soil 

Pattern Analysis Using RapidEye Imagery for 

the Quillow Catchment Area in Northeast Ger-

many3

 

Abstract 

This research presents the evaluation of regional organic matter (OM) prediction model-

ling based on the multitemporal soil pattern analysis (MSPA) methodology of Blasch et 

al. (2015a, 2015b) using multispectral RapidEye time series analysis and GIS spatial 

data modelling. For the region of Demmin City, located in the young morainic soil land-

scape of northeast Germany, the significant and robust regional OM prediction model 

“Demmin” was established (Blasch et al., 2015b). Including the simultaneous evaluation 

of MSPA transferability, the main objective was to analyse the validity of this regional 

OM prediction model on distant agrarian fields of the same soil-landscape compared to 

local field-specific and regional-predicted OM values; thus, future soil sampling will be 

redundant. For this purpose, in addition to 28 RapidEye datasets, 286 soil samples 

were collected at agrarian fields in the Quillow Stream catchment area in the north-

eastern lowlands of Germany, ~75 km southeast of Demmin City. To create both local 

and regional prediction models for the Quillow region, the working steps of field-specific 

MSPA and regional OM prediction modelling were applied to each test site field and to a 

representative field composite. These results demonstrate the high MSPA transferability 

inclusive of the regional OM prediction model “Demmin” with promising prediction quali-

ty and low prediction error for the Quillow region. To improve the application area, a 

highly operational transregional OM prediction model was created, which was valid for 

both study regions as well as a potentially wider area. 

Keywords: Precision agriculture; Site-specific management; Remote sensing; Soil pat-

tern; Bare soil; Organic matter content; Digital soil mapping and modelling  
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Sommer, M., Wessolek, G. 
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4. 1 Introduction 

According to the existence of spatiotemporal within-field variability of soil parameters, 

qualitative and quantitative soil information at multiple scales in terms of precise func-

tional soil maps are increasingly required for site-specific management (SSM) in 

precision agriculture (PA) (Franzen et al., 2002; Lin et al., 2005a, 2005b; Robert, 1993; 

Zhu et al., 2013) to balance crop productivity with the environment and sustainability 

issues (Blasch et al., 2015a; Ge et al., 2011; Mulla, 2013; Thenkabail, 2003; Zhang et 

al., 2002). Numerous digital elevation model (DEM)-based, remote and/or proximal 

sensor-based functional soil mapping methods have been developed to analyse the 

site-specific variability of soil parameters at the field scale (Sommer et al., 2008; De-

umlich et al., 2010; Koszinski et al., 2015). Extensive, time-consuming and cost-

intensive soil sampling and field surveys are the basis of spatial and geostatistical inter-

polation methods (e.g., kriging procedures, fuzzy clustering algorithms) for the transfer 

of punctual quantitative soil information to fine-scale soil maps (Gotway et al., 1996; 

Guo et al., 2013; Liu et al., 2008; López-Granados et al., 2005; Sumfleth and Duttmann, 

2008; Triantafilis et al., 2013; Yan et al., 2007; Zhu et al., 2013; Miller et al., 2015). De-

pending on their specific spectral, temporal and spatial resolution, non-invasive remote 

and proximal sensors with appropriate empirical-based or physical-based data analysis 

techniques provide more effective, rapid and cost-efficiently continuous, direct or indi-

rect data on physiochemical soil parameters (Blasch et al., 2015a, 2015b; Mulder et al., 

2011). Compared to proximal and hyperspectral sensors, multispectral imagery and 

time series offer a wide variety of precise applications for SSM usage (e.g., extraction of 

soil information, determination of management zones, and derivation of soil patterns 

and parameters) at lower costs due to easily accessible, existing data archives and high 

spatial and temporal resolution (Ge et al., 2011; Mulder et al., 2011). A comprehensive 

latest research overview of the potential of remote sensing systems in PA and soil sci-

ence (e.g., biomass, crop nutrients, OM, soil moisture, soil texture) is given by Ge et al. 

(2011), Mulder et al. (2011), Mulla (2013) and Panda et al. (2010).Various research pro-

jects have evaluated the relationship between soil parameters (especially OM, soil 

moisture, and texture) and soil reflectance characteristics (Blasch et al., 2015a, 2015b; 

Hummel et al., 2001; Viscarra Rossel et al., 2006, 2009; Singh et al., 2004; Spielvogel 

et al., 2004). Regarding OM development and optimal supply, Wessolek et al. (2008) 

stated the importance and complexity of site-specific characteristics, such as local tem-

perature and precipitation conditions, soil texture composition and land 

management/land use. 

Focusing on agricultural land use, the land use diversity and vegetation conditions 

cause a heterogeneous spatial reflectance pattern without time dimension in single re-

mote-sensing datasets, in addition to the static reflectance pattern originating from soil 

properties, temporal pattern persist, marked by crop type, phenological phase, and 

agrarian field management. Blasch et al. (2015a) solved this problem by eliminating 

temporal effects using multitemporal instead of monotemporal satellite data analysis. 

This approach enables the evaluation of the spatiotemporal variability of the reflectance 

pattern towards receiving potentially higher pattern stability. For field-specific OM esti-



 

 

85 4. 1 Introduction 

mation, the multitemporal soil pattern analysis (MSPA) approach based on a local pre-

diction model was designed using a multispectral RapidEye satellite time series on a 

single demonstration field of the TERENO North-eastern German Lowland Observatory 

(TERENO-NE) in Demmin (northeast Germany). Here, a multitemporal analysis (R² = 

0.81) is more appropriate to extract a spatially accurate stable soil pattern than a mono-

temporal analysis (R² 0.73-0.79), which depends strongly on image acquisition time and 

conditions. Applying a standardised principal component analysis (PCA) to preselected 

bare soil images allows for the detection of the soil reflectance pattern. As a conse-

quence of image pre-selection, a strong correlation between the first standardised 

principal component (PCst1) and laboratory-analysed OM values was found according 

to the underlying principle that PCst1 stores spectral reflectance characteristics of bare 

soil in terms of albedo. An OM content increase is linked with an albedo decrease. As a 

result, a darker soil pattern (lower PCst1 values) shows a higher OM content and vice 

versa. The observed high PCst1 variance of some OM values in the range of 2 to 5 OM-

% indicates that soil reflectance is still affected by other soil parameters (e.g., CaCO3, 

clay), even if no significant relationships exist. After the spatiotemporal pattern stability 

analysis, field-specific functional OM soil maps based on the PCst1-image and laborato-

ry-analysed OM soil sampling data within stable reflectance pattern could be computed 

(Blasch et al., 2015a). As a cost-efficient (0.95 €/ha for farm sizes of 10,000 ha to 4.75 

€/ha for farm sizes of 2,000 ha), highly operable and rapid method, Blasch et al. 

(2015b) developed a multi-field landscape-scale version of MSPA, including a regional 

OM prediction model with a prediction accuracy of 1.3 OM-% (absolute RMSE), consid-

ering the physical-geographical diversity of the study area Demmin, which represents 

the young morainic soil landscape of northern Germany. To compute high-quality OM 

soil maps at the landscape scale, which is valid for the Demmin study area, the mul-

titemporal strategy is necessary to create regional multitemporal bare soil mosaics as 

MSPA input datasets. The application of the regional OM prediction model “Demmin” to 

the PCA-transformed, multitemporal bare soil mosaics enables the transfer from the 

field scale to the landscape scale and subsequent regional soil mapping (Blasch et al., 

2015b). 

In this study, we investigate the MSPA method transferability via the application poten-

tial of the regional OM prediction model “Demmin” to distant agrarian fields of the same 

soil-landscape background in the catchment area of the Quillow Stream (Deumlich et 

al., 2010; Gerke and Hierold, 2012; Ellerbrock et al., 2015). The methodology of OM 

(percentage weight loss upon ignition) estimation is based on the field-scale and the 

multi-field landscape-scale versions of the MSPA approach, as developed by Blasch et 

al. (2015a, 2015b). To evaluate the validity of the regional OM prediction model “Dem-

min” by comparing the former and local field-specific OM prediction models of each test 

site field to the regional OM prediction model “Quillow” based on four calibration test 

sites, the presence and spatiotemporal stability of soil reflectance pattern and their rela-

tionship to in situ OM values were analysed using 28 RapidEye datasets and 286 soil 

samples collected at five agrarian fields in the Quillow region. 
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4. 2 Materials and Methods 

4.2.1 Study Area 

For this research, five test site fields (total size: ~128 ha) were installed in the catch-

ment area of the Quillow Stream, located northwest of Prenzlau City (53°18′N, 13°51′E) 

in the sparsely populated Uckermark region (39 inhabitants per square kilometre) in the 

north-eastern lowlands of Germany (Brandenburg) (Figure 4-1). Consisting of 84.6% 

farmland, 15.4% grassland/pastureland and 0.1% other agrarian land use, the Ucker-

mark region is agriculturally intensively used, mainly with cereal crops, feed crops and 

oleaginous fruits (Amt für Statistik Berlin-Brandenburg, 2014). 

 

Figure 4-1:  Five test site fields (yellow/red polygons) of all agrarian fields (grey polygons) in the 

catchment area of the Quillow Stream (black line), Northeast Germany. 

Similar to the Demmin region (Blasch et al., 2015b), the Uckermark region was glacially 

formed during the Weichselian Glaciation and belongs to the young morainic soil land-

scape of northern Germany; it is characterised by vast ground moraine areas, push 

(terminal) moraines, lake basins, glacial valleys, eskers, kettle holes and sandars (Bun-

desanstalt für Geowissenschaften und Rohstoffe, 2010). The altitude ranges between 0 

m and 139 m above sea level from East to West. The present climate is marked by a 

long-term (1981-2010) mean temperature of 8.8°C and a mean precipitation of 483 

mm/year (weather station: Grünow) (DWD, 2015a, 2015b). Because of similar physical-

geographical characteristics, the Quillow Stream catchment area was chosen to repre-

sent the “Demmin region distant” agrarian fields within the same soil-landscape sub-

unit: soils of ground morainic deposits and mostly loamy terminal moraine germination 

(Bundesanstalt für Geowissenschaften und Rohstoffe, 2010). 

The five test site fields (Figure 4-2), consisting of AOI09 Dedelow (~30 ha), AOI13 

Kraatz (~36 ha), AOI14 Ferdinandshorst (~27 ha), AOI16 Arendsee (~16 ha), and AOI17 
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Weggun (~19 ha), are described according to their specific topographical and geomor-

phological features: 

• AOI09: flat, very slightly inclined ground moraine (loamy, sandy till), accompanied by 

(glacio-) fluvial sediments and peat near the Quillow stream, colluvial material and 

secondary lime accumulation caused by carbonate leaching from surrounding ground 

moraine; 

• AOI13: undulating to hilly ground moraine (loamy, sandy till) with few kettle holes, 

eroded hill tops, and partly eroded very steep slopes; 

• AOI14: slightly undulating ground moraine (loamy, sandy till) with large wet but 

drained areas (organic to peat soils), periglacial and fluvial sandy deposits, a few ket-

tle holes and colluvium; 

• AOI16: slightly undulating ground moraine (loamy, sandy till) with few kettle holes; 

• AOI17: undulating to hilly transition zone near terminal moraine and adjacent block 

packings towards dominating ground moraine (loamy and sandy till). 

The soils of the test site fields evolved mainly from glacial, periglacial and colluvial de-

posits (especially from sand and loam-sand over loam, AOI13, AOI16, AOI17), partly 

under low groundwater and/or low backwater influence), as well as from organogenetic 

sediments, such as peat, but drained and murched (AOI09 and AOI14). Thus, different 

stages of Luvisols (often eroded, partly stagnic) (all fields) and of Cambisols (partly lu-

vic, albeluvic) (AOI09, AOI14, and AOI17) are predominant on glacial sand deposits 

over sandy till. Furthermore, diverse soils and their transitional stages developed from 

loamy glacial deposits over marly till: (partly luvic) Chernozems (AOI09), (partly stagnic, 

luvic, albeluvic) Cambisols (AOI13 and AOI14), (partly stagnic) Albeluvisols (AOI13 and 

AOI14), and Luvisols (AOI14). Due to high ground water influence, peat soils are locat-

ed at AOI09 and AOI14 (Bundesanstalt für Geowissenschaften und Rohstoffe, 2010; 

Van Liedekerke et al., 2006). In strongly eroded areas are Calcaric Regosols, and in 

depressions, Endogleyic Colluvic Regosols are located (Deumlich et al., 2010; Gerke 

and Hierold, 2012; Ellerbrock et al., 2015). 

To represent the young morainic soil landscape of the Quillow region for the generation 

of a regional OM prediction model, a calibration test site field composite (AOI_CAL) 

(Figure 4-2) composed of AOI09, AOI13, AOI14 and AOI17 was created, which covers 

all previously described physical-geographical regional characteristics. 
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Figure 4-2:  Each test site field (black polygons) and AOI_CAL (yellow circle) with soil sample loca-

tions (RapidEye bare soil image). 

4.2.2 Baseline Data 

To secure the method transferability to other study areas at low costs, optical satellite 

reflectance data are the basis of the MSPA workflow. Because of the low resolution of 

freely available DEM data (e.g., SRTM) consequently resulting in no significant model-

ling improvement, this data source was not considered. High-resolution DEM data are 

normally very costly and lacking in availability. Multispectral satellite images, such as 

MSPA input data, GIS field data and especially soil data compose the study baseline 

data (Table 4-1). 

Table 4-1: Baseline data and specific data characteristics. 

Category Data Characteristics 

Remote Sensing 
RapidEye 

Source: BlackBridge AG 

5 spectral bands (B, G, R, RE, NIR) 

2009: 3 (July, August, September) 

2010: 2 (September, October) 

2011: 11 (March, April, May, June, July, September, October) 

2012: 7 (May, July, October) 

2013: 1 (July) 

2014: 4 (July, September, October) 

GIS data 
Field data 

Source: ZALF 

Polygon shapefile of the test site fields 

Polygon shapefile of all of the study area field segments 

Ground truth 
Soil data 

Source: GFZ 

Soil surface mixed sample: 286 

Soil properties: texture, soil acidity, OM, and CaCO3 

Soil Sampling and Analysis 

To obtain a representative modelling and validation soil sample dataset of all 5 test site 

fields, a comprehensive grid-based, DEM and visible soil pattern adapted soil sampling 

strategy was carried out during the moderately wet conditions of February 2015. A total 

of 286 soil surface mixed samples, each composed of five subsamples within a 1-m 

radius and a depth of 10 cm and 200-400 g of soil were collected. To avoid statistical 

misinterpretation because of overvaluing effects resulting in low sample sizes and low 

density, Blasch et al. (2015b) recommended a dense sampling size of more than 30 

samples and a minimum of 1 sample per hectare. Each sample position was measured 

using a GPS with 5-m accuracy. To reduce this inaccuracy, a 5-m buffer around each 

sampling coordinate was used to express and to extract the position-specific mean val-

ues of the digital data (e.g., PCst1) for posterior statistical analysis. Table 4-2 shows the 

specific sampling characteristics of each test field. 

Table 4-2:  Soil sampling design for each test site field. 

Test sites 
Soil samples Distance between neighbouring sampling locations [m] 

N N/ha MEAN SD MIN MAX 

AOI09 73 2.4 47.9 13.3 25.4 72.0 

AOI13 74 2.1 53.6 15.4 25.8 75.4 

AOI14 49 1.8 53.0 13.9 27.1 83.4 

AOI16 50 3.1 43.6 16.6 24.1 75.7 

AOI17 40 2.1 50.7 11.6 26.2 66.5 

Quillow 286 2.2 - - - - 
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The following physical and chemical soil parameter analyses were performed at the 

soil-physical laboratory of the Institute of Ecology of the Technical University of Berlin 

(AOI09, AOI13, AOI14, AOI16) and the ecological laboratory of the Faculty of Land-

scape Management and Nature Conservation of the University for Sustainable 

Development Eberswalde (AOI17): (1) particle size distribution using a combined sieve 

(fraction 0.063–2 mm) and pipette (fraction <0.063 mm) method (DIN ISO 11277) and 

the subsequent determination of soil texture classes according to the official German 

Soil Survey Description (AG Boden, 2005); (2) soil acidity (pH) with 0.01 m CaCl2 (DIN 

ISO 10390; DIN EN 15933); (3) (calcium) carbonate content (CaCO3) (DIN EN ISO 

10693); and (4) OM content using the loss of ignition method (DIN 19684-3; DIN EN 

15935; Ball, 1964). 

Remote Sensing Data 

Due to the tested and established input data format in the MSPA process (Blasch et al., 

2015a, 2015b), the identical multispectral, state-of-the-art RapidEye sensor with its 

temporal and spatial high-resolution was employed in this study. The BlackBridge AG 

Company provided a total of 28 radiometric-calibrated and georeferenced RapidEye 

images (Level 3A) with a 5-m pixel size from July 2009 to October 2014 (Table 4-1), 

selected according to the most suitable temporal window of RapidEye data for MSPA: 

the phase of seeding (winter crops: mid-August to October; summer crops: mid-March 

to mid-May) (Blasch et al., 2015b). Because neither erosion events related to heavy 

rainfall nor rigorous land use changes (excluding traditional crop rotation) occurred in 

the study region during this period, OM degradation effects should be insignificant in 

this study. 

Atmospheric correction using ATCOR for ERDAS IMAGINE and image-to-image co-

registration using an in-house developed algorithm (Behling et al., 2014) were applied 

to all RapidEye scenes, which were subsequently clipped to the precise extent of each 

test site (including AOI_CAL) with a 20-m buffer to avoid the mixed-pixel influence of 

field boundary vegetation. The resulting RapidEye subsets and derived descriptive 

NDVI statistics were consecutively utilised as the input data basis for the MSPA method. 

4.2.3 MSPA Approach 

As an essential part of this study, the analysing steps of the slightly modified field-scale 

based MSPA workflow (Blasch et al., 2015a, 2015b) are briefly described (Figure 4-3). 

 

Figure 4-3:  Analysing steps of the MSPA workflow (Blasch et al., 2015b). 

(1) Selection of the best suitable datasets in the RapidEye time series (data mining) 

using an automated classification based on NDVI thresholds (NDVI-MEAN, NDVI-SD) 
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and phenology data to reduce the temporal pattern influence and to determine bare soil 

images with static reflectance pattern. To get rid of the field record and phenology data 

dependency, the supported iterative visual image analysis must be performed on pre-

classified potential bare soil images using image-enhancement techniques. (2) Detec-

tion of the soil reflectance pattern (image mining) by applying standardised PCA to all 

bands of selected bare soil images for spectral information rearrangement with the con-

sequent emergence of stable bare soil areas in PCst1 according to the hypothesis of 

Richards (1984) and Ingebritsen and Lyon (1985) that “the percentage area of change 

is relatively smaller than the percentage area of no change, stable areas will appear in 

the lower-order PCs, and changing areas in the higher-order PCs” (Blasch et al., 

2015a). (3) Stability analysis using statistical per-pixel analysis on bare soil images to 

evaluate the spatiotemporal soil pattern stability for the overall stability image genera-

tion by calculating the arithmetic mean (MEAN) of the per-pixel reflectance change 

(resp. standard deviation, SD) between selected bare soil images. A more stable reflec-

tance pattern shows a lower MEAN-SD per pixel. (4) Soil map generation based on the 

static soil pattern after the stepwise deletion of temporal effects using a percentile anal-

ysis of the overall stability image. Applying the regression equation of PCst1 and OM 

values within the stable soil reflectance pattern to the PCst1-image in the Raster Calcu-

lator of ArcGIS Spatial Analyst allows for the creation of a functional OM soil map. 

4.2.4 Application of MSPA 

Regional OM Prediction Model “Demmin” 

Based on the MSPA workflow, a significant and very robust regional OM prediction 

model was created for the Demmin region using 351 soil samples within a highly static 

spatiotemporal reflectance pattern and the PCst1-detected soil pattern of 4 calibration 

test sites (resp. 15 agrarian fields) considering their varying physical-geographical 

background (Blasch et al., 2015b). This prediction model (R² = 0.69; relative RMSE =: 

7.5%) showed a very high prediction accuracy of 1.3 OM-% (absolute RMSE) with a 

strong tendency to underestimate starting from 15 OM-% due to the decreasing signal-

to-noise ratio (SNR) with very low PCst1 values (resp. dark soil pattern) (Figure 4-4). 

Focusing on the OM main value range of the Demmin region (0-15 OM-%), the predic-

tion error fluctuates between 1.0 OM-% (applied to 525 soil samples of calibration sites) 

and 1.4 OM-% (applied to 147 soil samples of the validation site). For agrarian-used 

soils (commonly, OM value range <8.5 OM-%), the prediction error is 0.5 OM-%. 
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(a) (b) 

Figure 4-4: (a) Regional prediction model “Demmin” – Scatter plot of the relationship between OM 

and the standardised PC 1; (b) Predicted versus measured OM values for OM values be-

low 15 OM-% based on the regression equation of the regional prediction model (brown 

line: one-to-one line; orange line: absolute RMSE boundary) (Blasch et al., 2015b). 

To verify whether this regional OM prediction model is adaptable to distant agrarian 

fields of the young morainic soil landscape of northeast Germany outside of the region 

of Demmin city, all of the modelling steps that were stated by Blasch et al. (2015b) were 

applied to the five Quillow test site fields and AOI_CAL. First, for each test field (includ-

ing AOI_CAL), the most suitable three bare soil images were selected using the 

corresponding MSPA step (Chapter 4.2.3). Second, all 3 of the selected bare soil imag-

es of each test field were stacked to one field-specific multitemporal bare soil image. To 

transfer the regional prediction model to obtain a multitemporal bare soil image, this 

image was standardised PCA-transformed using the correlation matrix, as shown in 

Blasch et al. (2015b), as transformation parameters. Thus, the calculated multitemporal 

bare soil pattern showing the PCst1 image was used as prediction model input data. 

Finally, OM soil maps based on the regional model for each test field were calculated by 

applying the PCst1 image to the regression equation (y = 426245689 * x-2.094, where y = 

OM [%] and x = PCst1-image) using the Raster Calculator tool of ArcGIS Spatial Ana-

lyst. 

To create an OM soil map at the multi-field landscape scale for the Quillow region based 

on the regional prediction model “Demmin” as the input dataset for the previous model-

ling steps, 3 bare soil image mosaics covering the agrarian fields of the study area were 

needed. These mosaics were produced using the in-house-developed vegetation 

threshold-based selection algorithm (Heupel, 2013), which detects for each agrarian-

used field segment of a polygon shapefile (covering 465 segments) the most appropri-
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ate RapidEye datasets for soil surface analysis within the RapidEye time series. 

Adapted to the MSPA selection thresholds (NDVI-MEAN, NDVI-SD), this algorithm 

computed 3 multitemporal bare soil image mosaic for each field segment at various 

times of the acquisition without repetitions of already-used bare soil images per polygon 

in an earlier mosaic. After standardised PC-transformation using the former correlation 

matrix, these mosaics were applied to a previous regression equation to generate the 

functional multi-field landscape-scale OM soil map. Blasch et al. (2015b) explain in de-

tail the procedure of the multi-field landscape-scale OM soil map generation. 

Local OM Prediction Models 

To create local, field-specific OM prediction models, the MSPA analysing steps (Chapter 

4.2.3) were applied to each test site field of the study area and to AOI_CAL. Here, the 

three most suitable bare soil images for each test site and AOI_CAL were selected and, 

as one multitemporal bare soil image stack, were consequently standardised PCA-

transformed using the field-specific correlation matrix. At this step, the correlation matrix 

of AOI_CAL was extracted for posterior use (Chapter 4.2.4). Subsequently, the field-

specific overall stability image (MEAN-SD) was obtained by applying statistical per-pixel 

analyses to each multitemporal stacked image. Between PCst1 of PCA-transformed 

(mono- or multitemporal) bare soil images and laboratory-analysed OM exists a non-

linear relationship based on a power function (Blasch et al., 2015a, 2015b). To evaluate 

this relationship, at every sampling point, the position-specific mean values of (1) the 

PCst1 of each multitemporal bare soil stacked image, (2) the overall stability image and 

(3) each laboratory-analysed soil parameter were extracted. To simplify the statistical 

regression analysis, the PCst1, OM values and coefficients were log10 transformed. 

Thus, a simple linear regression analysis could be performed and validated using the R-

script “Fitting Linear Models” and using the leave-one-out cross-validation (Isaaks and 

Srivastava, 1989). Using the prediction quality and model robustness criteria, the coeffi-

cient of determination (R²) and the root mean square error (RMSE) were computed. A 

more robust prediction model with a simultaneously lower prediction error is indicated 

by a lower RMSE value. 

To avoid negative influences of outliers on the prediction model, a visual diagnosis was 

carried out. Visually detected and verified true outliers using the scale-location-plot and 

the corresponding spectral and soil data were deleted from further OM prediction mod-

elling. Altogether, 14 true outliers (<5% of all samples) existed due to unclear sample 

assignment at the field and/or laboratory work stage. 

After determining the best-separating threshold of the temporal and static reflectance 

pattern using iterative, percentile-based statistical analyses based on the overall stabil-

ity image, all of the “temporal” sampling points were eliminated from the regression 

analysis to improve the prediction model towards a static-soil-pattern-based model. For 

functional soil mapping purposes, the resulting improved regression equation was ap-

plied to the corresponding PCA-transformed, multitemporal bare soil image. 

Regional OM Prediction Model “Quillow” 
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The improved field-specific prediction model of AOI_CAL characterises the regional OM 

prediction model “Quillow”. To deploy this model on all test site fields for validation and 

comparison purposes, the operations steps are maintained equally to the previously 

described application steps of the regional prediction model “Demmin” (Chapter 4.2.4). 

Consequently, the regression equation of AOI_CAL was used on each PCst1-image of 

each test site field. Here, the PCst1-images were created by applying standardised PCA 

to three previously selected bare soil images of each test site field using the earlier ex-

tracted correlation matrix of AOI_CAL (Chapter 4.2.4) transferring the identical PCA-

transformation parameters to each test site field. To evaluate the final OM prediction 

accuracy, the prediction model quality (R²) and robustness (RMSE) criteria of the local 

field-specific models and the regional prediction models “Quillow” and “Demmin” were 

compared against each other and with the prediction error (expressed as absolute 

RMSE) between predicted and measured OM values after the local and regional model 

applications to each test site field (including AOI_CAL). 

Transregional OM Prediction Model 

To cover a larger area of the young morainic soil landscape of Northeast Germany, all of 

the OM soil sample values of the regional prediction models “Demmin” (351 soil sam-

ples) and “Quillow” (129 soil samples), as well as corresponding PCst1-values based on 

the correlation matrix of the regional model “Demmin” (Chapter 4.2.4), were used to 

create a transregional OM prediction model. This model is based on the four Demmin 

calibration test sites (resp. 15 agrarian fields; 628 ha; Blasch et al., 2015b) and the four 

Quillow calibration test fields (112 ha). To analyse the model validity and prediction po-

tential in both study areas, the received transregional prediction model was applied to 

the validation test sites AOI16 (47 soil samples; Quillow region) and Sassen (147 soil 

samples; Demmin region) and to the calibration test sites of the Quillow region (225 soil 

samples) and Demmin region (525 soil samples). 

4. 3 Results and Discussion 

4.3.1 Regional Organic Matter Prediction Model “Demmin” 

To analyse the validity of the regional OM prediction model “Demmin” (Blasch et al. 

2015b) on distant agrarian fields of same soil-landscape background, the model was 

applied to agrarian fields of the Quillow catchment area (~75 km southeast of Demmin 

city). Figure 4-5 depicts the generated OM soil map at the landscape scale, which is 

based on three PCA-transformed bare soil image mosaics and the regression equation 

of the regional prediction model “Demmin” (Chapter 4.2.4). Due to the occasional occur-

rence of clouds and the phenological situation, in total, ~44% of all agrarian-used field 

segments (covering 3977.3 ha of 9076.2 ha) including all Quillow test sites could be 

mapped without extra soil sampling and analysis. 
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Figure 4-5:  OM functional soil map based on the regional prediction model “Demmin” (AOI_CAL: 

yellow polygons/circles; AOI16: red polygon/circle). 

Furthermore, Figure 4-6 reveals the prediction accuracy of the applied regional model 

“Demmin” to all of the Quillow test sites by comparing the predicted versus measured 

OM values. A very slight overestimation tendency could be observed for AOI09, AOI13, 

AOI14, and AOI_CAL, as well as a very slight underestimation tendency for AOI16 and 

AOI17, but it was still within the model accuracy of 1.3 OM-%. For the main OM value 

range (2-4 OM-%) (Figure 4-7) of the Quillow study area, the OM values at all of the test 

sites are estimated with a relatively low-to-moderate prediction error (absolute RMSE ≤ 

0.9 OM-%): 0.4 OM-% for AOI16, 0.6 OM-% for AOI09 and AOI17, 0.7 OM-% for AOI13, 

and 0.9 OM-% for AOI14 and AOI_CAL. A detailed discussion of the prediction results 

compared to local and regional modelling based on OM values of the Quillow test sites 

is provided in Chapter 4.3.4. 
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Figure 4-6: Predicted versus measured OM values based on the regression equation of the regional 

prediction model “Demmin” for each test site field and AOI_CAL (brown line: one-to-one 

line; orange line: absolute RMSE boundary). 

  

(a) (b) 

Figure 4-7: Histograms of all of the laboratory-analysed OM values for (a) “Quillow” and (b) “Dem-

min” study areas (blue rectangle: main OM value range). 

Table 4-3: Descriptive statistics of the soil parameters (SD: standard deviation; CV: coefficient of 

variation). 

Soil parameter Mean SD CV [%] Skew Min Max 

OM [%] 
AOI09 N = 70 3.9 2.0 4.0 1.2 1.2 9.5 

Others N = 203 2.9 0.6 0.4 0.6 1.7 4.6 

pH 
AOI09 N = 70 7.6 0.2 0.0 -3.8 6.2 7.9 

Others N = 165 6.9 0.5 0.2 -0.5 5.6 7.7 

CaCO3 [%] 
AOI09 N = 70 8.3 8.9 78.5 2.0 0.0 47.4 

Others N = 203 0.4 1.5 2.2 4.8 0.0 10.7 

Clay [%] 
AOI09 N = 25 9.7 4.5 20.5 0.0 2.4 18.7 

Others N = 97 10.1 5.5 30.5 0.9 2.7 24.8 

Silt [%] 
AOI09 N = 25 24.0 9.2 85.3 -0.2 4.5 38.7 

Others N = 97 24.4 5.8 34.1 -0.2 11.8 38.4 

Sand [%] 
AOI09 N = 25 66.4 13.1 172.6 0.3 47.6 93.1 

Others N = 97 65.5 9.6 92.7 0.2 43.7 84.9 
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Comparing the pictures (Figure 4-6) clearly shows the differences between soil condi-

tions between the fields, e.g., OM was influenced by the parent material, wetness and 

relief parameters. AOI09 is more heterogeneous than test site AOI16 or AOI17, certainly 

not only by the OM content (Chapter 4.2.1). 

The top soil layers of all of the test site fields together show a wide range of CaCO3 con-

tent (Mean 2.5% and SD 5.8%). At 105 sampling locations (38.5% of all of the soil 

samples), the Ap horizon was effected by magine till on eroded positions or secondary 

lime accumulation or fluvial deposits at moraine depressions (AOI09). On the other 

hand, 61.5% represent typical carbonate-free topsoils (Table 4-3).The site AOI09 occu-

pies a special position with a relatively high CaCO3 concentration (Mean 8.3%, SD 

8.9%, MAX 47.4%) in 69 soil samples (65.7% of all of the carbonic soil samples) and 

only one sample point without CaCO3 at the Ap horizon. According to the main soil tex-

ture fractions of the official German Soil Survey Description (AG Boden 2005), all of the 

analysed soil samples are counted among (1) sands with 71.3% (loamy sand 61.5%, 

silty sand 8.2%, pure sand 1.6%) and (2) loams with 28.7% (sandy loam 18.0%, normal 

loam 10.7%). From low silty sands to strong loamy sands, the predominantly loamy-

sandy (79.5%) top soil layers show mostly moderate OM values (2-4 OM-%) in 81.7% 

of all samples, followed by a strong OM content (4-8 OM-%) of 10.6%, low OM content 

(1-2 OM-%) of 6.6% and very strong OM content (8-15 OM-%) of 1.1% and a maximum 

value of 9.5 OM-%. At this study site, no peaty mineral substrate with extreme OM con-

tent (15-30 OM-%) or peat (>30 OM-%) was found at the A horizon under agriculture 

land use. 

4.3.2 Local Field-Based Organic Matter Prediction Models 

To receive improved OM prediction models based on static soil reflectance pattern, the 

MSPA workflow was applied to each single test site and the calibration test site 

AOI_CAL. The multitemporal character permitted the analysis of the spatiotemporal 

stability of the soil reflectance pattern using the stability and percentile analysis steps 

and consequently, deleting strongly affected temporal patterns from the modelling pro-

cess based on the best percentile threshold (Table 4-4). 

Table 4-4: Characteristics and results of the improved OM model based on MSPA; (P. = best percen-
tile threshold; S. = Samples). 

Test sites 

Characteristics of OM model based on MSPA 

Bare Soil Images P. S. R² RMSE RMSE OM MIN OM MAX 

Dates  N  [%] [OM-%] [%] [%] 

Single fields 

AOI09 2009/09/09; 2010/10/04; 2014/09/04 99 68 0.63 13.8 1.3 1.2 9.5 

AOI13 2009/09/09; 2010/09/24; 2014/09/04 84 61 0.26 16.7 1.2 1.9 4.6 

AOI14 2010/09/24; 2010/10/04; 2014/09/04 98 46 0.28 14.7 1.1 1.7 4.1 

AOI16 2009/09/09; 2011/05/06; 2012/10/12 67 33 0.20 21.4 1.1 2.2 3.6 

AOI17 2010/09/24; 2010/10/04; 2014/09/04 71 29 0.66 13.5 1.1 1.9 3.4 

Field composite 

AOI_CAL 2010/09/24; 2010/10/04; 2014/09/04 60 129 0.62 11.7 1.2 1.9 9.5 
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The relative model robustness (relative RMSE) ranges between 13.5% and 21.4% for 

single fields and 11.7% for AOI_CAL. Converted to real OM values (OM-%), the abso-

lute RMSE is very homogenous for all test sites (1.1 OM-% to 1.3 OM-%) (Table 4-4). 

Using all of the OM samples within a stable reflectance pattern (defined by the corre-

sponding percentile threshold), at least moderate (R² ≥ 0.5), significant (p-value <2.2e-

16) non-linear (after log-transformation linear) regression models for PCst1 and OM 

were found for AOI09 (R² = 0.63), AOI17 (R² = 0.66) and AOI_CAL (R² = 0.62), with the 

highest prediction quality for AOI17. Furthermore, for AOI13, AOI14 and AOI16, only 

very weak (R² < 0.3) relationships could be recognised due to a short RapidEye time 

series with limited bare soil image quantity. Consequently, the selected best-suitable 

datasets still contain a strong ripe vegetation influence (AOI13, AOI14, AOI16) and po-

tentially strong soil moisture variations (AOI16), which significantly reduce the prediction 

model quality. This result demonstrates clearly that a more comprehensive time series 

and improved separation between bare soil and ripe vegetation are obligatory to im-

prove bare soil image detection. For improved separation, Blasch et al. (2015b) 

suggested in terms of sensor fusion the integration of other multispectral remote sens-

ing sensors (e.g., Sentinel-2, Landsat-8) and/or hyperspectral Earth observation 

systems to exploit different spectral resolutions and positions of wavelength. 

At the single-field level, Blasch et al. (2015a, 2015b) received, in total, a higher OM 

prediction quality (0.66 ≤ R² ≤ 0.91) for the Demmin region based on a similar (after log 

transformation) linear relationship with PCst1 because in the Demmin region, a general-

ly higher range of OM content in agricultural fields (Demmin region: 1.0 to 55.0 OM-%, 

Blasch et al. 2015b; Quillow region: 1.0 to 9.5 OM-%, Figure 4-7) exists due to the 

agrarian utilisation of low-moor-formation areas. Generally, a higher range of calibration 

parameters allows a better model adjustment for more-precise prediction results. 

Other investigations have detected comparable non-linear relationships between OM 

content and soil lightness (Spielvogel et al., 2004) as well as soil colour (composed of 

Munsell value, chroma, and reflectance) (Konen et al., 2003). Spielvogel et al. (2004) 

noted that the OM content is the major variable affecting soil lightness (resp. soil spec-

tral reflectance), followed by (in order of priority) CaCO3, clay, silt and sand. Thus, 

although no significant relationships between the texture parameters and PCst1 were 

found, the PCst1 could still be affected by these soil properties. Even if a high R² was 

obtained for the correlation of OM with PCst1, this influence could be observed in the 

high variance of PCst1-spectral reflectance values for the Demmin region, especially in 

the range of 2-5 OM-% (Blasch et al., 2015a, 2015b). It should be noted that all of the 

laboratory-analysed OM values of the test site fields AOI13, AOI14, AOI16 and AOI17 

are located in this OM range of high PCst1-spectral reflectance variance, totalling ~88% 

of all of the OM samples of the Quillow study area (including AOI09). These results, in 

addition to the lower range of OM values, might be the reasons for the relatively low R² 

of all Quillow region test fields (especially AOI13, AOI14, and AOI16) compared to the 

Demmin region. 
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The detailed examination of the test-site-specific OM value range of the Quillow region, 

which was used for field-based prediction model calibration, clearly demonstrated its 

potential influence on model quality and model robustness. For example at AOI16, the 

lowest prediction quality (R² = 0.2) and lowest robustness (relative RMSE = 21.4%) 

were obtained for the test site with the lowest OM range, meaning that in this case, the 

absolute RMSE of 1.1 OM-% is relatively high for the OM value range of 1.4 OM-%. 

Due to the field-specific low OM range and its location in the high-variance area, low 

prediction quality could be expected for AOI13, AOI14, AOI16, and AOI17. As an excep-

tion, the best model criteria were received for AOI17, with a simultaneously relatively 

low OM range of 1.5 OM-% within the high variance range of PCst1 values. With the 

highest OM range (≥7.6 OM-%), including exceeding this variance range, AOI09 and 

AOI_CAL show reasonably high model quality and model robustness. 

Regarding field composites, Blasch et al. (2015b) stated that the likelihood of including 

temporal influence increases considerably at the field polygon union step of the compo-

site generation procedure because of regional varying management practices, which 

could negatively influence the prediction quality (e.g., for AOI_CAL). Additionally, the 

complicated cause-and-effect relationships of topography, soil moisture and soil texture 

and further field-specific physical-geographical characteristics could disturb the appear-

ance of the soil reflectance pattern and the consequent OM prediction modelling 

(Blasch et al., 2015a, 2015b). 

4.3.3 Regional Prediction Model “Quillow” 

Due to the relatively good model criteria (R² = 0.62; relative RMSE = 11.7%; absolute 

RMSE = 1.2 OM-%), the significant and robust improved regression model of AOI_CAL 

was established as the regional OM prediction model for the agrarian fields within the 

Quillow Stream catchment area (Figure 4-8). This model was created using the PCst1-

detected soil reflectance pattern of 4 calibration test fields (AOI_CAL) and 129 soil 

samples within identified static pattern based on a 60% threshold of the corresponding 

overall stability image. To receive real OM values for model application prediction pur-

poses (e.g., generation of SSM user-friendly functional soil maps at multiple scales), the 

linear regression function and their coefficients had to be re-transformed back to a non-

linear regression function. Therefore, the re-transformed regression equation is y = 

120542.08 * x-1.17, where y = OM in % and x = PCst1. 
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(a) (b) 

Figure 4-8:  (a) Regional prediction model “Quillow” – Scatter plot of the relationship between OM and 

the standardised PC1 based on the static soil pattern (threshold: 60%); (b) Predicted ver-

sus measured OM values based on the regression equation of the regional prediction 

model “Quillow” (brown line: one-to-one line; orange line: absolute RMSE boundary). 

For OM values >9 OM-%, the prediction model “Quillow” shows a strong tendency of 

underestimation (absolute RMSE = 3.8 OM-%), where values <9 OM-% are estimated 

with 0.7 OM-% inaccuracies. For the OM value range 2.4-5.0 OM-%, a moderate vari-

ance of PCst1 spectral reflectance values is found (absolute RMSE = 0.6 OM-%), 

mostly within the model prediction error boundary of 1.0 OM-%. For OM values ≤2.4 

OM-%, a very slight overestimation (absolute RMSE = 0.4 OM-%) exists. After model 

application for the validation and calibration test sites, the prediction error ranges be-

tween 0.4 OM-% at the model-independent validation test site AOI16 (47 soil samples) 

and 1.0 OM-% at AOI_CAL (225 soil samples). 

Comparing the regional prediction model “Quillow” with the “Demmin” model, the model 

criteria of the former (R² = 0.62; relative RMSE = 11.7%) are slightly lower (R² = 0.69; 

relative RMSE = 7.5%; Chapter 4.2.4; Blasch et al. 2015b), with almost equal absolute 

prediction error (RMSE = 1.2 OM-% vs. 1.3 OM-%) and a similar underestimation ten-

dency of higher OM values. The relationship between OM values and soil pattern 

detecting PCst1 in both models is explained by a similar non-linear power function (Fig-

ure 4-9). The main difference is found in the used range of OM values for model 

calibration as a result of considerably different regional physical-geographical character-

istics regarding low moor development and distribution, as well as their incorporation 

into agrarian-used fields (Chapter 4.3.2). 
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Figure 4-9: The regional prediction models “Quillow” (green line) and “Demmin” (black line) and the 

transregional prediction model “Quillow-Demmin” (orange line) for OM based on the rela-

tionship between the standardised PC1 and laboratory-analysed OM values (stretched to 

the OM value range of the Quillow region) (red dotted rectangle: main OM value range). 

Figure 4-9 demonstrates that at the PCst1 value 7266, both regression lines are inter-

secting with the consequence of equal prediction (3.5 OM-%). Starting from the PCst1 

value of intersection to lower PCst1 values, the regional model “Demmin” overestimates 

OM values compared to the regional model “Quillow” and underestimates vice versa for 

higher PCst1 values. Due to the functional characteristics, the following applies: the 

closer the PCst1 values used for modelling are located at the intersection PCst1 value, 

the lower is the difference of the predicted OM values between both of the regional pre-

diction models. 

Focusing on the main value range of OM distribution (2 OM-% to 4 OM-%) for both 

study areas (Figure 4-7), the regional model “Quillow” predicts these values using 

PCst1 at values 11700 (for 2 OM-%) and 6486 (for 4 OM-%) and model “Demmin” at 

values 9492 (for 2 OM-%) and 6817 (for 4 OM-%). As a consequence, the regional 

model “Demmin” overestimates slightly with 0.4 OM-% at the 4 OM-% limit of the main 

value range and underestimates moderately with 0.7 OM-% at the 2 OM-% limit. This 

over/under prediction tendency is considerably lower than the overall prediction error of 

the regional prediction model “Demmin” (absolute RMSE = 1.3 OM-%). 

4.3.4 Evaluation of Applied Local and Regional Organic Matter Prediction Mod-

els 

To prove and validate the suitability of the regional OM prediction model “Demmin” for 

distant agrarian fields of same soil-landscape, each prediction model type (local and 

regional) was applied to the Quillow test sites (including AOI_CAL). For evaluation pur-

poses, the prediction error (absolute RMSE) of the relationship between predicted and 

laboratory-analysed OM values was calculated (Table 4-5). 
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Table 4-5: Prediction and validation results based on the absolute RMSE of the relationship between 

predicted and laboratory-measured OM values for each single field test site (including 

AOI_CAL) using local and regional prediction models; (L. M. = local model; R. M. = re-

gional model; TR. M. = transregional model). 

Test sites 
Samples 

L. M. (improved) R. M. “Quillow” R. M. “Demmin” TR. M. 

RMSE RMSE RMSE RMSE 

N OM-% OM-% OM-% OM-% 

Single fields 

AOI09 69 1.4 1.5 1.4 1.6 

AOI13 71 0.5 0.6 0.8 0.8 

AOI14 47 0.3 1.1 1.0 1.0 

AOI16 47 0.3 0.4 0.5 0.4 

AOI17 38 0.3 0.3 0.6 0.5 

Field composite 

AOI_CAL 225 1.0 Equal to L.M. 1.2 1.1 

 

Regarding the prediction quality, both of the regional prediction models barely differ 

from the field-specific local models. In contrast to the model “Quillow”, the prediction 

error of model “Demmin” varies very slightly both positively and negatively with a differ-

ence of 0.1 OM-% to 0.3 OM-% (Table 4-5). As expected, the local models predict OM 

values generally with a lower prediction error due to the field-specific characteristic of 

each prediction model. Due to the similar shape of the regression lines in the low-OM-

value range, the prediction errors over all models differ very slightly (≤0.3 OM-%) for all 

test sites, except AOI14. This strong increment (0.7 OM-% to 0.8 OM-%) is caused by 

the weak reflection of site-specific field conditions in the regression line of regional pre-

diction models compared to the local model. 

Summarising all of the results together, the regional OM prediction model of Demmin is 

suitable for estimating the OM at the test fields of the Quillow Stream catchment area 

without a significant loss of prediction quality and increased prediction error. 

4.3.5 Transregional Organic Matter Prediction Model 

A transregional OM prediction model was created using all of the OM values (480 soil 

samples) of both regional prediction models “Demmin” and “Quillow”. This model covers 

both study regions and thus a larger agrarian-used area and a wider range of physical-

geographical features of the young morainic soil landscape. Figure 4-10 depicts the 

found significant and robust non-linear regression model with substantial good predic-

tion quality (R² = 0.65) and model robustness (relative RMSE = 7.3%). Due to the 

combination of both regional prediction models, similar model characteristics are re-

vealed: (1) very high prediction accuracy of 1.3 OM-% (absolute RMSE), (2) strong 

tendency of underestimation for OM values >15 OM-% (absolute RMSE = 3.8 OM-%), 

(3) relatively low prediction errors 1.0 OM-% (for values <15 OM-%) and 0.9 OM-% (for 

values <8.5 OM-%), and (4) relatively low variance of PCst1 spectral reflectance values 

for the OM value range 2-5 OM-% (absolute RMSE = 0.8 OM-%). The resulting regres-
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sion equation (power function) is y = 40000000 * x-1.827, where y = OM in % and x = 

PCst1. 

  

(a) (b) 

Figure 4-10: (a) Transregional prediction model “Quillow-Demmin” – Scatter plot of the relationship 
between OM and the standardised PC1; (b) Predicted versus measured OM values 
based on the regression equation of the transregional prediction model (brown line: one-
to-one line; orange line: absolute RMSE boundary). 

As expected, the prediction quality of the transregional model (R² = 0.65) is centred be-

tween both regional models (Quillow: R² = 0.62; Demmin: R² = 0.69), and compared to 

both regional models, the model robustness (relative RMSE = 7.3%) was improved 

(Quillow: relative RMSE = 11.7%; Demmin: relative RMSE = 7.5%). 

Using the transregional prediction model on the validation and calibration test sites of 

the Quillow region, the prediction error is 0.4 OM-% at the validation test site AOI16 (47 

soil samples) and 1.1 OM-% at AOI_CAL (225 soil samples). Additionally, the prediction 

quality of the transregional model is at least as good as that of the regional model 

“Demmin” with a slight improvement of ~0.1 OM-% for AOI16, AOI17 and AOI_CAL, 

except for AOI09 (Table 4-5). Not considering the OM value range of strong underesti-

mation (OM values >15 OM-%), the model application to both study region´s calibration 

test sites (741 soil samples) delivers a prediction accuracy of 1.0 OM-%. Furthermore, 

the reassignment of the transregional prediction model to the Demmin study area 

shows for OM values <15 OM-% an absolute RMSE of 0.9 OM-% (516 soil samples) at 

all four calibration test sites, 1.1 OM-% at test site Borrentin (161 soil samples), and 1.4 

OM-% at the validation test site Sassen (147 soil samples). 

At the PCst1-value 7266 and corresponding prediction result of 3.5 OM-%, the regres-

sion line of the transregional model intersects with both lines of the regional models 

(Figure 4-9). Compared to the regional model “Demmin”, the transregional model offers 

improved prediction for the Quillow test sites with lower prediction error. Thus, for the 
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main OM value range of both study areas (2 OM-% to 4 OM-%), the transregional mod-

el estimates OM values (1) using PCst1 at values 9913 (for 2 OM-%) with 1.5 OM-% 

and (2) using PCst1 at values 6783 (for 4 OM-%) with 4.3 OM-%. These estimations are 

0.2 OM-% better at the 2 OM-% limit and 0.1 OM-% better at the 4 OM-% limit than re-

sults of the regional model “Demmin”. Figure 4-11 and Figure 4-12 illustrate a very 

similar size and distribution of class zones between the soil maps based on diverse 

prediction models, whereby the map based on the regional model “Quillow” shows the 

strongest deviation from the locally modelled map as well as from in situ OM values. 

  

(a) (b) 

  

(c) (d) 
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Figure 4-11: AOI09 - OM soil maps based on: (a) transregional prediction model; (b) regional model 
“Demmin”; (c) regional model “Quillow”; (d) local model AOI09. 

  

(a) (b) 

  

(c) (d) 

Figure 4-12: AOI16 - OM soil maps based on: (a) transregional prediction model; (b) regional model 
“Demmin”; (c) regional model “Quillow”; (d) local model AOI16. 

4.3.6 Operability of MSPA for Organic Matter Estimation Based on the 

Transregional Prediction Model 

Generally, the MSPA workflow can be used as an inexpensive, highly operable and rap-

id method (Blasch et al. 2015b) to predict the parameters that are responsible for the 

soil reflectance pattern in every soil landscape. The main requirement is a comprehen-
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sive soil sampling and analysis for the generation of a site-/region-specific prediction 

model. 

The found transregional prediction model can be used for any field of the study area as 

well as the Demmin region to predict OM with slightly improved benefits than the esti-

mation based on the regional model “Demmin”. Considering the most suitable temporal 

window for bare soils, a large time series (≥20 RapidEye images) within a time period of 

a maximum of three to five years is needed to identify most suitable bare-soil images, 

avoiding any OM degradation effects depending on land use and site-specific condi-

tions. Next, a precise multitemporal bare soil image stack of the agrarian field of interest 

must be composed of the best three bare soil images. These images should be of good 

quality (e.g., low SNR) and obligatorily free from any vegetation and/or land manage-

ment effects. To avoid any mixed-pixel influence of field boundary vegetation and/or 

surrounding trees, the selected images must be clipped to the exact extent of the field 

boundary with a 20-m buffer. To receive prediction model input data, the multitemporal 

bare soil image stack must be standardised PCA-transformed using the correlation ma-

trix of the regional prediction model “Demmin” (Blasch et al .2015b). For OM soil 

mapping, the resulting field-specific soil pattern detecting the PCst1 image must be in-

troduced to the regression equation of the transregional prediction model (Chapter 

4.3.5). Finally, the OM map can be calculated using, for example, the Raster Calculator 

of ArcGIS Spatial Analyst. 

According to the results, we assume a high application potential of the transregional 

prediction model to estimate the OM for regions of similar physical-geographical condi-

tions and land-use practices, such as the young and (partly) old morainic soil landscape 

Germany, as well as lowland areas of Poland and the Baltic States. 

4. 4 Conclusions and Outlook 

This research presents an evaluation of the multitemporal soil pattern analysis (MSPA) 

method transferability through the application of the regional organic matter (OM) pre-

diction model “Demmin” to distant agrarian fields of the Quillow catchment area located 

in the same young morainic soil-landscape of the north-eastern German lowlands. The 

MSPA method using RapidEye satellite imagery enables OM prediction at the field and 

the multi-field landscape scales based on the static soil reflectance pattern. In the pro-

cess of method transfer, the high application potential of the regional OM prediction 

model “Demmin” to the study area has been demonstrated and verified by mapping 

~44% of all of the agrarian-used field segments (covering 3977.3 ha), with the benefits 

of no additional time-consuming, costly soil sampling or laboratory analyses. Validation 

results at five single fields and one field composite revealed a high-to-moderate predic-

tion accuracy (absolute RMSE 0.4-0.9 OM-%) for the main OM value range (2-4 OM-%) 

according to field-specific differences in soil conditions. For further validation analyses, 

local field-based and regional OM prediction models have been created and used on 

the Quillow test sites. The consecutive comparison showed that the prediction error of 
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the model “Demmin” differs very slightly (0.1 OM-% to 0.3 OM-%) from the field-specific 

local models (except for AOI14) and the regional model “Quillow”, resulting in no signifi-

cant loss of prediction quality and increased prediction error when the regional OM 

prediction model was used in the study area. 

For greater coverage of the young morainic soil-landscape, a significant and very robust 

transregional prediction model (R² = 0.65; relative RMSE = 7.3%) with high prediction 

accuracy (absolute RMSE = 0.9 OM-% for OM values <8.5 OM-%) was established. 

This model is based on all 480 laboratory-analysed OM values within highly stable spa-

tiotemporal reflectance patterns of both of the regional prediction models “Quillow” and 

“Demmin” and the corresponding PCst1 values (correlation matrix of the regional model 

“Demmin”). The transregional model could be applied to the Quillow test sites, revealing 

relatively low prediction error variations (0.4 OM-% to 1.1 OM-%), and successfully re-

assigned to the study area Demmin. The research results showed that, in general, the 

transregional prediction model is slightly more suitable for predicting OM at the Quillow 

test fields than the regional model “Demmin” without a significant loss of prediction qual-

ity and increase of prediction error compared to local models and the regional prediction 

model “Quillow”. Assuming a high transferability and application potential to croplands 

of regions with similar physical-geographical conditions and land-use practices, the op-

erability of MSPA using the established regression equation of the transregional 

prediction model in combination with RapidEye satellite imagery for accurate OM pre-

diction was outlined in detail. 

To analyse this hypothesis, further studies with representative soil sampling data are 

needed. In addition, a future research objective is to improve the MSPA operability effi-

ciency by solving the sensor dependency on RapidEye satellites and the difficulty of 

separation between bare soil and ripe vegetation using multispectral sensor fusion, in-

cluding the integration of free available Sentinel-2 and/or Landsat-8 remote sensing 

data, with the benefit of no image acquisition costs. New results from Aldana Jague et 

al. (2015) provide hope for predicting not only the OM content but also the soil organic 

carbon stocks over whole profiles in the future by remote-sensing-based approaches. 
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5 Synthesis

 

In this dissertation, the overarching primary research objective was the evaluation of the 

capability of spatiotemporal static soil reflectance pattern derived from high resolution 

multispectral remote sensing imagery with the goal to model and map organic matter at 

multiple scales for croplands. This Chapter presents and synthesises the main results of 

performed research work and provide suggestions for future research. 

5. 1 Overview 

Regarding the need of high spatial resolution data and innovative soil property predic-

tion methods (Chapter 1), the main findings of this research are i) the developed MSPA 

method based on spatiotemporal static soil pattern derived from RapidEye time series 

and ii) found organic matter prediction models. Both together allow for precise organic 

matter estimation at croplands of the research area. Chapter 2 presents the MSPA 

method development for organic matter estimation at the field scale (RO1, RO2, and 

RO3). Its potential based on local prediction models was verified at single fields and 

field composites in Chapter 3. On this basis, the model was converted from a field scale 

to a multi-field landscape scale approach inclusive a representative regional prediction 

model (RO4) (Chapter 3). In Chapter 4, the method transferability and its organic matter 

prediction potential was evaluated with the result of a transregional organic matter pre-

diction model, considering both study areas (RO5). In total, the obligatory requirements 

for innovative soil property prediction methods and functional soil mapping were met in 

this research by following actions and results (Table 5-1): 

Table 5-1: Requirements and corresponding actions and results for innovative soil property prediction 

methods and functional soil maps 

Requirement: Action / Result: 

Up-to-date: Usage of RapidEye time-series from 2009 to 2014 

Precise: Selection of high spatial and temporal resolution, state-of-the-art satellite system RapidEye 

User-friendly: 
Produced functional organic matter soil maps, showing real organic matter values 

Reproducible analysing workflow of MSPA 

Time-/cost efficient: 

No additional soil sampling and analysis is needed due to the application of MSPA method 

including (trans)regional organic matter prediction model 

Calculated costs: 0.95 €/ha for farm sizes of 10,000 ha to 4.75 €/ha for farm sizes of 2,000 ha 

Usage of just optical satellite images 

Transferable/operational: 
Usage of PCst analysis based on the correlation matrix for soil pattern detection 

Usage of just optical satellite images 

5 
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Table 5-2 reveals that the MSPA method combined with RapidEye data provide a high 

prediction accuracy of organic matter values, independent of i) the study area, ii) its or-

ganic matter value range, and iii) applied prediction model type. Comparing the 

prediction accuracy between each model type, the absolute prediction errors generally 

are ≤0.4 OM-% (absolute RMSE). Only exception is the application of the transregional 

model at AOI09. The strengths and weaknesses of each prediction method are related 

to the organic matter value range and other physical-geographical features of the study 

area. 

Table 5-2: Prediction and validation results based on the absolute RMSE of the relationship between 
predicted and laboratory-measured organic matter values for both study areas Quillow 
(AOI09 Dedelow) and Demmin (AOI06 Borrentin) using local and regional prediction 
models according to different organic matter value ranges; (L. M. = local model; R. M. = 
regional model; TR. M. = transregional model). 

Test sites 
organic matter value 

range 

L. M. (improved) R. M. “Demmin” TR. M. 

RMSE [OM-%] RMSE [OM-%] RMSE [OM-%] 

Quillow 

AOI09 Dedelow 

<15 OM-% 1.4 1.4 1.6 

<8.5 OM-% 1.2 1.2 1.5 

2-4 OM-% 0.7 0.8 1.4 

Demmin 

AOI06 Borrentin 

<15 OM-% 1.3 1.1 1.1 

<8.5 OM-% 1.1 0.9 0.7 

2-4 OM-% 0.8 0.6 0.6 

5. 2 MSPA Method Development for Organic Matter Estimation at the Field 
Scale 

The MSPA method was developed at the demonstration field Borrentin (study area 

Demmin) as an analysis workflow to model and map the organic matter content at the 

field-scale based on static soil reflectance pattern and soil sampling data (RO1, RO2 

and RO3). This workflow is composed of following steps: (1) Selection of best suitable 

datasets (bare soil images) out of time-series; (2) Soil reflectance pattern detection; (3) 

Evaluation of spatiotemporal soil pattern stability; (4) Functional soil mapping based on 

statistical analyses and stepwise exclusion of temporal effects. 

The identification of best suitable bare soil images is a quite complex process with al-

ways existing uncertainty of ripe vegetation presence, land management effects, and/or 

crop residues. The multitemporal approach is able to reduce this uncertainty considera-

bly. As first analysing step, the data pre-selection procedure (an automated 

classification) from RapidEye time-series using NDVI-thresholds (NDVI-MEAN ≤ 0.2, 

NDVI-SD ≤ 0.07) and the most suitable time-period based on the phenological and crop 

conditions (here: germination) on the acquisition date is essential to separate static from 

temporal reflectance patterns. Due to these selection criteria, bare soil images were 

correctly identified, and consequently, subsequent visual evaluation is no longer neces-

sary. If field and crop data are unavailable, the created automated classification 

revealed considerable weakness in the separation between ripe vegetation and bare 
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soil images. Thus, iterative visual image analyses with image-enhancement techniques 

are needed. 

As second step, PCst transformation is used on preselected bare soil images to detect 

soil reflectance pattern. As a consequence of image pre-selection, strong correlation 

between PCst1 and laboratory-analysed organic matter values reveals the existence of 

a non-linear relationship between PCst1-detected soil patterns and organic matter ac-

cording to following underlying principle. In terms of albedo, PCst1 stores the reflection 

properties of bare soils. Consequently, an organic matter content increase is correlated 

to an albedo decrease, so darker soil patterns (lower PCst1 values) have higher organic 

matter content and vice versa. Relatively high variance between PCst1 and low organic 

matter values was observed in the range of 2-5 OM-%, indicating the potential influence 

of other soil properties (e.g., CaCO3, clay) on soil reflectance pattern, even if no signifi-

cant relationships exist. Due to the spectral sensor resolution, further sufficient 

correlation of other soil parameters such as pH and texture with PCsts were not found. 

Due to its limited occurrence, CaCO3 correlates just locally with PCst1 (e.g. at eroded 

hilltops and slopes), but at least with moderate significance. 

The comparison between multitemporal and monotemporal approach verified the con-

cept, that multitemporal analysis (R² = 0.81) of RapidEye imagery is more suitable than 

monotemporal analysis (R² 0.73-0.79) to extract spatially precise static soil reflectance 

patterns in context of organic matter estimation. The major disadvantage of the mono-

temporal approach is the strong dependency on the optimal time and condition of image 

acquisition. In contrast, the multitemporal approach offers potentially higher pattern sta-

bility. High variations in pattern stability are assumed to result from temporal effects due 

to the causal link between relief, soil moisture, soil texture and vegetation as well as 

land management. The evaluation of the spatiotemporal pattern stability and the subse-

quent exclusion of strong temporal effects lead to that the prediction model bases on 

spatiotemporal static soil reflectance pattern (RO1). This enables a prediction quality 

improvement up to 8% compared to the monotemporal approach and 2% compared to 

the multitemporal approach without exclusion of temporal effects. The improvement re-

sults relatively low due to previous filtering of the input datasets to identify the bare soil 

images with very low temporal effects. The separating thresholds, below which all data 

are considered static and above which all data are considered temporal also depends 

on the input data quality. For example, the determined 67%-threshold at Borrentin field 

lead to the reduction of the soil sample quantity from 170 to 122 soil samples, whereby 

deleted 48 samples are located within strong temporal reflectance pattern and in the 

total range of organic matter values. 

After the spatiotemporal pattern stability analysis and stepwise elimination of temporal 

effects, precise functional organic matter soil maps at the field scale based on local 

(field-specific) prediction models could be computed (RO2) using developed MSPA 

method (RO3). These models are composed of the soil patter detecting PCst1-image 

and laboratory-analysed organic matter soil sampling data within spatiotemporally high-

ly-stable, homogenous soil reflectance pattern (RO1). 
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5. 3 MSPA Method Conversion from the Field Scale to the Multi-Field 
Landscape Scale 

In the development process of a multi-field landscape-scale MSPA version based on 

method conversion from the field scale to the multi-field landscape scale to produce 

functional organic matter soil maps at the landscape scale using a representative re-

gional organic matter prediction model (RO4), the field-scale based MSPA method was 

successfully tested at single fields and field composites with diverse physical-

geographical location characteristics in the study area Demmin. 

For both, significant organic matter prediction models were obtained with a coefficient of 

determination R² ≥ 0.71 (single fields; ≥25 soil samples) and R² ≥ 0.63 (field compo-

sites) including a prediction quality improvement up to 5% (single fields) and 3% (field 

composites). The field composites results are lower due to the probability of including 

temporal effects during the field polygon union step. According to the assumption that 

the complex interdependency of relief, soil texture, and soil humidity affect the soil re-

flectance properties, the variation in the prediction model quality between test sites 

depends on field-specific location characteristics. Potential responsible factors are i) 

heterogeneous soil texture (especially high clay content), ii) relief (e.g., eroded hilltops, 

steep slopes), and/or iii) distance to the groundwater table. Due to the combination of 

field-specific location characteristics of single fields and field composites, a regionally 

significant and very robust organic matter prediction model (R² = 0.69; relative RMSE = 

7.5%) with a prediction accuracy of 1.3 OM-% (absolute RMSE) was received for the 

study area Demmin. The validation at an independent test site resulted with a prediction 

error of 1.4 OM-% for the main organic matter value range of the Demmin study area 

(0-15 OM-%). 

To realise the transfer of the field-based, regional organic matter prediction model 

“Demmin” to the multi-field landscape scale (resp. from the calibration test sites to the 

study area field segments), the PCst-transformation parameters (correlation matrix) of 

the calibration test sites were extracted during the soil pattern detection process. Beside 

the transformation parameters, the multitemporal strategy is essential to compute re-

gional multitemporal bare soil mosaics as MSPA input datasets. Three bare soil image 

mosaics, each composed of 1415 field polygons covering an area of 343.5 km² were 

obtained as high-quality model input data. Using previously extracted correlation matrix 

on the three bare soil image mosaics in the PCst transformation step enables the trans-

fer of the regression equation of the regional organic matter prediction model “Demmin” 

to the study area fields and consequently the generation of a precise organic matter soil 

map at the multi-field landscape scale. A high degree of agreement to field-specific or-

ganic matter soil maps was demonstrated for the resulting landscape-scale based 

organic matter soil map in terms of size and distribution of class zones as well as pre-

diction of organic matter values. 

Moreover, the high operationality of the MSPA method using the regional prediction 

model “Demmin” combined with RapidEye data was explained in detail. No additional 

time-consuming, cost-intensive soil sampling and laboratory analyses is needed to pre-
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dict organic matter at agrarian fields of the Demmin region at relatively low costs (0.95 

€/ha for farm sizes of 10,000 ha to 4.75 €/ha for farm sizes of 2,000 ha). For MSPA ap-

plication at the study area Demmin, the most suitable time window of RapidEye data is 

the phase of seeding (winter crops: mid-August to October; summer crops: mid-March 

to mid-May) according to the crop type and the image acquisition conditions (e.g., signal 

to noise ratio). 

5. 4 Transferability of MSPA method to Distant Croplands of same Soil-
Landscape 

In this research, i) the high transferability of the MSPA method and ii) high application 

potential of the regional organic matter prediction model “Demmin” to other agrarian 

fields of same soil-landscape was demonstrated at croplands of the Quillow catchment 

area, located in the young morainic soil-landscape of the north-eastern German low-

lands (RO5). 

Using RapidEye data, the MSPA approach including the regional prediction model 

“Demmin” allowed for organic matter estimation at the field and the multi-field landscape 

scale in the Quillow catchment area. According to field-specific differences in soil condi-

tions, the validation showed a high to moderate prediction accuracy (absolute RMSE 

0.4-0.9 OM-%) for the main organic matter value range (2-4 OM-%). In total, 44% of all 

agrarian-used field segments (covering 3977.3 ha) were mapped with the benefits of no 

additional time-consuming, costly soil sampling and laboratory analyses. No significant 

loss of prediction quality and increase of prediction error were detected, if regional or-

ganic matter prediction model “Demmin” is applied to the study area. The prediction 

error of model “Demmin” differs normally very slightly (0.1 OM-% to 0.3 OM-%) to field-

specific (local) and regional models of the study area. 

A significant and very robust transregional prediction model (R² = 0.65; relative RMSE = 

7.3%) with high prediction accuracy (absolute RMSE = 1.3 OM-%) and relatively low 

prediction error (absolute RMSE = 1.0 OM-% for organic matter values <15 OM-%) was 

developed to cover a larger agrarian-used area and a wider range of physical-

geographical features of the young morainic soil-landscape. Therefore, 480 laboratory-

analysed organic matter values within highly-stable spatiotemporal reflectance patterns 

of both regional prediction models “Quillow” and “Demmin” and corresponding PCst1 

values (correlation matrix of the regional model “Demmin”) were used. The transregion-

al model, applied to both study area test sites, demonstrated relatively low prediction 

errors. The transregional prediction model is generally slightly more suitable to predict 

OM at the Quillow test fields than the regional model “Demmin”. No significant loss of 

prediction quality and increase of prediction error were identified compared to local 

models and the regional prediction model “Quillow”. 

Including found regression equation of the transregional model in combination with 

RapidEye data, the high operability of MSPA method is valid for organic matter estima-

tion for regions of similar physical-geographical conditions and land-use practices, such 

as the young morainic soil landscape north-eastern Germany. Moreover, a high applica-
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tion potential of the transregional prediction model is assumed for similar regions, such 

as the old morainic soil landscape northern Germany and lowland areas of Poland and 

the Baltic States. Cost calculations are comparable to the regional organic matter pre-

diction model “Demmin”. 

5. 5 Highlights 

 Multitemporal approach using RapidEye time-series was tested, resulting in the 

innovative multitemporal soil pattern analysis (MSPA) method. 

 Due to NDVI and phenology data bare soil images were selected from time-

series. 

 Principal component analysis of bare soil images allows detecting soil pattern. 

 Multitemporal approach permits to evaluate the stability of detected soil pattern. 

 A static soil pattern-based functional soil map for organic matter was generated. 

 MSPA was tested on single and composite fields with diverse geographical 

background. 

 Regional prediction model “Demmin” for organic matter estimation was devel-

oped. 

 Using transformation parameters of standardised principal component analysis, 

MSPA allows for transferring the regional prediction model to the multi-field land-

scape-scale. 

 Static soil pattern-based organic matter soil maps at the field- and landscape-

scale were generated. 

 High MSPA method transferability and operationality was demonstrated. 

 Transregional organic matter prediction model was created for greater coverage 

of the young morainic soil-landscape. 

5. 6 Future Research 

As cost and time efficient alternative to conventional soil mapping and existing soil 

property prediction methods, the MSPA method was developed in this research using 

RapidEye satellite imagery to identify spatiotemporal static soil reflectance pattern, 

model the responsible soil properties (here: organic matter) and produce user-friendly, 

highly precise soil function maps at multiple scales. Throughout this thesis, various in-

teresting subjects for future research activities beyond the scope of this investigation 

aroused. Beside methodical/technical issues to improve the MSPA method, the evalua-

tion of the method and model transferability to other cropland regions, the application 

potential in combination with other GIS and/or remote sensing data and the integration 

in environmental modelling shall be discussed. 
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5.6.1 Technical/Methodical Issues 

The developed phenology-data-independent, automated classification based just on 

NDVI thresholds showed considerable weakness of the MSPA method in the separation 

between ripe vegetation and bare soil images, so that consecutively iterative visual im-

age analysis on pre-selected best suitable images is obligatory. Used NDVI thresholds 

are primarily sensitive to exclude vital vegetation images as well as images of strong 

land management and cloud/shadow effects from time series. To improve the MSPA 

method within the data mining process “selection of best suitable datasets”, further in-

vestigations are necessary to enable an automated differentiation of fields under bare 

soil conditions from ripe vegetation. As first suggested solution, diverse vegetation or 

soil indices and specific band ratios should be developed and/or tested, if RapidEye 

satellite imagery shall be the used data source. Another solution approach might be 

found by exploiting different spectral resolutions and wavelength positions of other mul-

tispectral remote sensing sensors (e.g., Sentinel-2) and hyperspectral Earth observation 

systems (e.g., EnMAP, HISUI, HyspIRI, PRISMA). 

The second approach already indicates another area of future research activities. Di-

verse meteorological, environmental and/or anthropological circumstances such as 

frequent cloud cover, variety of crop types at different stages of phenology and crop 

type-adjusted land management at varying times, result in that ideal RapidEye data for 

soil reflectance pattern analysis is not always available in high quality for a specific 

cropland region. Thus, a sensor independency of RapideEye satellite system is highly 

needed for a more efficient MSPA application. Therefore, challenging research in the 

field of multispectral sensor fusion should be conducted. Especially, the integration of 

free available Sentinel-2 satellite imagery will improve the MSPA method to a high oper-

ational use at multiple scales without costs for image acquisition. 

Adapting the MSPA method to the use of hyperspectral remote sensing data, will offer i) 

spatial precise pattern delineation, ii) quantitative derivation of soil surface parameters, 

and consequently iii) a more profound understanding of soil reflectance pattern respon-

sible soil properties. According to the technical specifications of the imaging 

spectrometer (spatial resolution: 30 m; return frequency: 4 days; coverage: 30 km), the 

2018-upcoming EnMAP satellite mission with a planned operation life of 5 years is high-

ly suitable for multitemporal analysis of soil reflectance pattern at croplands. Due to high 

quality image data resulting from the very high spectral resolution (channels: 244; band 

width: 6.5 nm, 10 nm; spectral range: 420 nm to 2450 nm, VNIR to SWIR), the EnMAP 

data will enable the quantitative determination of specific material properties of pixels 

within a soil reflectance pattern, especially to distinguish between organic matter, clay 

content, and soil moisture. 

To analyse the complex relation between soil components and soil spectra, spectral 

measurements of soil samples using field spectrometer (e.g., ASD) at agrarian sites and 

hyperspectral systems (e.g., HySpex, AISA) in a laboratory environment provide dis-

crete information of continuous spectral signatures of soil properties. Taking advantage 

of field and laboratory-based imaging spectroscopy, the creation of a local soil spectral 

library should be aimed for the study region to link with the MSPA method. Generally, 
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linking the MSPA method with locally-developed and/or existing soil spectral libraries 

(e.g., LUCAS) might improve significantly the operational use of MSPA at local and re-

gional scale over the globe. 

5.6.2 Transferability to Other Cropland Regions 

Due to the high socioeconomic and ecological relevance of soil functions, increasing 

land use and environmental conflicts principally affected by climate change and popula-

tion development, the demand of precise soil information at multiple scales is a global 

issue, especially in the agrarian sector to reach high level of food security. Cropland 

regions are found all over the world in diverse soil-landscapes and climate zones with 

specific agrarian land management practices under varying land use intensity adapted 

to region-specific environmental conditions. Using the easily to other cropland areas 

applicable MSPA method allow for exploring the interrelationships between soil reflec-

tance pattern and site-specific soil properties and functional soil mapping for single 

fields and field composites at multiple scales. 

Regarding physical-geographical characteristics, land use intensity and population den-

sity, the study areas Demmin and Quillow reflect a rural, intensively used cropland 

region, representative for the young morainic soil landscape of Northern Germany with-

in a moderate climate zone. As assumed in Chapter 4, the transregional organic matter 

prediction model might be transferable to other cropland areas within similar environ-

ment such as Poland and the Baltic states. To prove this hypothesis, a region-specific 

representative soil sample dataset is needed for validation purpose. Using RapidEye 

data, the investigation could be performed similar to Chapter 4. Moreover, the integra-

tion of these new soil sample values to the existing transregional organic matter 

prediction model might enable enhanced organic matter estimation covering a larger 

area of the young morainic soil landscape of Central and North-eastern European Low-

lands including a wide range of typical physical-geographical features. But, because 

regional and transregional organic matter prediction models of this research (Chapter 3, 

Chapter 4) are not necessarily valid for cropland regions outside the young morainic soil 

landscape of Central and North-eastern European Lowlands, a representative soil sam-

ple dataset is needed to develop region-specific prediction models. 

5.6.3 Application Analysis 

Because remote sensing data of bare soil images primarily reveals the present situation 

of the soil surface, and agrarian land use as well as yield development are strongly re-

lated to at the surface non-visible factors such as soil parameters from deeper soil 

horizons and plant-available water, the combination of soil reflectance pattern with di-

verse information from remote-sensing-derived vegetation images, yield maps and 

digital elevation models (DEM) is highly needed to gain deeper understanding of spatio-

temporal variability, soil pattern properties and their interaction with root horizons of 

soils as well as the underlying development processes. According to specific phenologi-

cal macro-stages depending on crop type, crop patterns indicate the condition of the 

complex interaction of physiochemical soil properties and water availability in deeper 
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plant rooting soil horizons. Using a multitemporal approach, stable crop pattern could be 

derived from remote sensing data and consecutively overlaid with static soil reflectance 

pattern to analyse the interactions of vegetation and soil pattern as well as the potential 

of soil surface pattern to offer information of deeper soil horizon conditions. Yield maps 

obtained during the harvesting process are a useful source to compare detected soil 

and crop pattern with crop productivity. The evaluation of the complex interrelationship 

of static soil reflectance pattern with crop and yield pattern and/or relief parameters is a 

challenging field of future research activities and might lead to improvement of existing 

site-specific management information systems in precision agriculture regarding deline-

ation of crop management zones and choice of best site-specific management practices 

in precision agriculture. 

From a scientific point of view, detailed investigation of the cause and effect relation-

ships of relief, soil moisture, soil texture and vegetation is needed to gain profound 

knowledge of spatiotemporal pattern stability and the origin of temporal effects. There-

fore, multivariate statistical analysis (e.g. multiple regression analysis) should be 

performed on soil reflectance pattern detecting PCst1 combined with primary and sec-

ondary DEM-derived relief parameters (e.g., slope, aspect, curvature, topographical 

position index, topographic wetness index, flow direction, and local elevation) and from 

radar data (e.g., TanDEM-X, TerraSAR-X) deducted soil moisture values. At a feasible 

number of test fields, also land management information, phenological crop data should 

be integrated. MSPA results could be imported and tested as ancillary data in common 

soil prediction models (e.g., scorpan) and erosion models in the research field of digital 

soil mapping. 

In the context of erosion modelling, further potential of the MSPA method is seen by 

applying pixel-based change detection methods to multitemporal datasets. Comparing 

static soil reflectance pattern derived from multispectral remote sensing data or aerial 

images of different time periods enables to reveal and quantify degradation processes 

and erosion events at agrarian fields. For this purpose, useful datasets were recorded 

more than 60 years ago. 

Another future research activity emerged due to recent method development in spectral 

transformations. Chapter 1 presented the preliminary evaluation of suitable soil reflec-

tance pattern detection methods. The Tasseled Cap Component transformation (Kauth 

and Thomas, 1979) offers a fix rotation based on soil and vegetation signatures, which 

was not considered for this research due to its sensor-dependency on Landsat data. 

The missing compatibility with RapidEye satellite data was solved by Schönert et al. 

(2014) and might be promising for future research.  
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