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Abstract: Reflectance of light across the visible, near-infrared and shortwave infrared (VIS-NIR-
SWIR, 0.4-2.5 µm) spectral region is very useful for investigating mineralogical, physical and 
chemical properties of soils, which can reduce the need for traditional wet chemistry analyses. As 
many collections of multispectral satellite data are available for environmental studies, a large 
extent with medium resolution mapping could be benefited from the spectral measurements made 
from remote sensors. In this paper, we explored the use of bare soil composites generated from the 
large historical collections of Landsat images for mapping cropland topsoil attributes across the 
European extent. For this task, we used the Geospatial Soil Sensing System (GEOS3) for generating 
two bare soil composites of 30 m resolution (named synthetic soil images, SYSI), which were 
employed to represent the median topsoil reflectance of bare fields. The first (framed SYSI) was 
made with multitemporal images (2006–2012) framed to the survey time of the Land-Use/Land-
Cover Area Frame Survey (LUCAS) soil dataset (2009), seeking to be more compatible to the soil 
condition upon the sampling campaign. The second (full SYSI) was generated from the full 
collection of Landsat images (1982-2018), which although displaced to the field survey, yields a 
higher proportion of bare areas for soil mapping. For evaluating the two SYSIs, we used the 
laboratory spectral data as a reference of topsoil reflectance to calculate the Spearman correlation 
coefficient. Furthermore, both SYSIs employed machine learning for calibrating prediction models 
of clay, sand, soil organic carbon (SOC), calcium carbonates (CaCO3), cation exchange capacity 
(CEC), and pH determined in water, using the gradient boosting regression algorithm. The original 
LUCAS laboratory spectra and a version of the data resampled to the Landsat multispectral bands 
were also used as reference of prediction performance using VIS-NIR-SWIR multispectral data. Our 
results suggest that generating a bare soil composite displaced to the survey time of soil 
observations did not improve the quality of topsoil reflectance, and consequently, the prediction 
performance of soil attributes. Despite the lower spectral resolution and the variability of soils in 
Europe, a SYSI calculated from the full collection of Landsat images can be employed for topsoil 
prediction of clay and CaCO3 contents with a moderate performance (testing R2, root mean square 
error (RMSE) and ratio of performance to interquartile range (RPIQ) of 0.44, 9.59, 1.77, and 0.36, 
13.99, 1.54, respectively). Thus, this study shows that although there exist some constraints due to 
the spatial and temporal variation of soil exposures and among the Landsat sensors, it is possible to 
use bare soil composites for mapping key soil attributes of croplands across the European extent. 

Keywords: remote sensing; digital soil mapping; Google Earth Engine; landsat; LUCAS topsoil data; 
machine learning 
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1. Introduction 

Reflectance of light across the visible, near-infrared and shortwave infrared (VIS-NIR-SWIR, 0.4-
2.5 µm) spectral region is a valuable property for understanding the nature and composition of many 
materials. Many studies have shown that this method is very useful for investigating mineralogical, 
physical and chemical properties of soils, reducing the need of traditional wet chemistry analyses [1–
3]. Accordingly, soil spectral libraries (SSL) from the VIS-NIR-SWIR range have become popular 
around the globe and have been largely studied in combination with chemometrics and machine-
learning methods for estimating soil attributes [3–7]. For soil mapping, the large coverage of SSLs 
from many geographical areas can increase the accuracy of the final maps by covering the high 
variation of soil types [8]. Nonetheless, some factors regarding the measurement methods (e.g., 
illumination and geometrical setup, environmental conditions, sample condition, sensor 
characteristics, etc.) that are governed by the acquisition strategy (e.g., laboratory, field, airborne, and 
spaceborne) may impact the outcomes. 

Protocols of spectral acquisition are distinct in soil research, but many efforts emerged for 
providing ways of standardizing data acquisition from different setups and sources, mainly for 
laboratory-level acquisition [3,9]. Protocols for soil reflectance acquisition from other domains (field, 
air and space) are not yet available, while the laboratory measurements (e.g., the SSL) are considered 
the most accurate; however, they cannot be directly applied to data collected from air or space [10]. 
Whereas laboratory conditions allow for better control of reflectance measurements, airborne and 
satellite sensors are critically influenced by in situ conditions and other factors [11–13]. However, 
detailed mapping of large spatial extents can be performed using measurements made from large 
remote-sensing spectral surveys. 

Soil reflectance from the remote-sensing domain is limited by the availability of exposed surfaces 
caused by natural and human-induced factors, such as soil tillage [10,14]. Usually when airborne 
imagery is taken over bare soil areas, the data acquisition happens under optimal environmental 
conditions (high sun illumination, clear atmosphere, dried and green-vegetation free) following 
ground truth measurements under optimal sun radiation, or as recently suggested by [15], using a 
special assembly that mimics field soil surface spectra in laboratory conditions (SoilPRO®). When 
Earth Observation satellite sensors are involved, then exposed soil surface might be limited due to 
the spatial and temporal dynamics of land use (e.g. crop development). Despite the limited 
availability of bare surfaces and the unknown field conditions upon image acquisition, archives of 
satellite images contain historical information about soil exposure that could be explored in 
automated processing algorithms to generate bare soil representations by combining multitemporal 
measurements. Recently, several methods for generating bare soil images from historical collections 
of satellite images from one satellite have been developed, such as the barest pixel composite [16], 
Soil Composite Mapping Processor (SCMAP) [17], and Geospatial Soil Sensing System (GEOS3) [18], 
which were applied to develop soil maps at different scales, with more or less success with the 
modeling of soil properties. The quality of reflectance of the bare soil composites provided depends 
on whether the adverse conditions that happened upon image acquisition can be minimized (or 
normalized) and the variability of soil surface can be represented by different shades and colors. 
Evaluation methods comparing the association with laboratory spectra (used as a reference of soil 
signal) can provide a way of assessing the quality of bare soil images determined from multitemporal 
and multispectral remote-sensing means, but a complete correction of effects is still challenging for 
automated processing systems. 

The possibility of transferring prediction models from laboratory to satellite images is another 
gap that is still in progress for mapping large geographical extents. Transferring prediction models 
from a SSL to a satellite bare soil composite could be an alternative for making spatially explicit maps 
using a reflectance image, but the contrast between calibration and application levels, the sampling 
design and sample support might cause a huge impact on prediction accuracy [11,19]. Some studies 
have been exploring this approach for mapping small regions using hyperspectral imagery (e.g., 
[4,20]). In such cases, reference samples measured in different conditions or instruments provided a 
way to handle the measurements’ variability [21,22]. Another effect that might influence the results 
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of the predictions is the temporal discrepancy that can exist between the field surveys and the 
historical satellite data collection used for generating the bare soil image. This issue can hinder the 
mapping of dynamic soil properties, such as soil organic carbon, soil moisture, and soil salinity, since 
the satellite bare soil composites are composed of several years of images. 

In this study, we aimed at assessing: a) if bare soil composites generated from the large historical 
collections of several Landsat satellites can be calculated at the European (European Union, EU) 
extent, providing a reliable estimate of topsoil reflectance; b) the effects of generating bare soil 
composites from a different time frame than the Land-Use/Land-Cover Area Frame Survey (LUCAS) 
soil data, which was surveyed in 2009; c) if the EU-wide bare soil composite can be and to which 
degree employed for predicting soil properties using the LUCAS soil database combined with a 
machine learning approach, despite all the aforementioned issues. 

2. Materials and Methods 

2.1. Bare Soil Composites 

Bare soil composites were produced for an extent covering most of the European countries, 
situated between longitude –12 and 34 degrees, and latitude of 33 and 73 degrees. The algorithm 
Geospatial Soil Sensing System (GEOS3 [18]), developed within the Google Earth Engine [23], was 
used to generate the multispectral bare soil composites and the soil exposure frequencies from the 
collections of 30-m-resolution Landsat images from 1982 to 2018. The GEOS3 was slightly modified 
to adapt to several Landsat satellites with variable spectral characteristics but considering that the 
multispectral bands are positioned in equivalent spectral regions and their small differences do not 
affect the bare soil composites (Table A1 from Appendix A). GEOS3 is a data-mining algorithm that 
extracts soil features from the collection of historical images and aggregates the spatially bare soil 
fragments into a synthetic soil image (SYSI). The SYSI is the reflectance image of the bare soil 
composite, while the frequency of soil exposure is denominated as soil frequency (SF). SF is 
determined by the proportion of a given pixel location was identified as bare soil to the total number 
of pixel occurrences from the time interval of the collection. To identify bare soil pixels from single 
satellite images, a set of identification rules were used. They were based on spectral indices coupled 
with quality assessment bands, which removed cloud, cloud shadow, inland water, snow, 
photosynthetic vegetation and non-photosynthetic vegetation (crop residues). In this study, a pixel 
was flagged soil when it had the Normalized Difference Vegetation Index (NDVI, Equation (1)) 
values falling between the range of –0.05 and 0.30 (masking out green vegetation), and Normalized 
Burn Ration 2 index (NBR2, Equation (2)) values between the range of –0.15 and 0.15 (masking out 
crop residues). These thresholds were defined based on histogram and density plot analysis 
calculated from the LUCAS spectral measurements (Figure A1 from Appendix A). The flagged soil 
pixels were used to select each reflectance band on each acquisition time. Then the bare soil composite 
was composed by aggregating the multitemporal bare soil pixels by their median value. More 
detailed information about GEOS3, the spectral indices and sensitivity analysis of spectral indices 
thresholds are described in [18] or elsewhere [13,24–26]. 
 

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 (1)

𝑁𝐵𝑅2 =  
𝑆𝑊𝐼𝑅1 − 𝑆𝑊𝐼𝑅2

𝑆𝑊𝐼𝑅1 + 𝑆𝑊𝐼𝑅2
 (2)

where red (~630–690 nm), near infrared (NIR: ~760-900 nm), shortwave infrared 1 (SWIR1: ~1550–
1750 nm) and shortwave infrared 2 (SWIR2: ~2080–2350 nm) are the harmonized spectral bands from 
Landsat 4 Thematic Mapper (L4 TM), Landsat 5 Thematic Mapper (L5 TM), Landsat 7 Enhanced 
Thematic Mapper Plus (L7 ETM+), and Landsat 8 Operational Land Imager (L8 OLI), respectively. 

The bare soil composites (SYSIs) were produced using a harmonized and merged collection of 
surface reflectance images from the L4 TM (available images from 1982 to 1993), L5 TM (available 
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images from 1984 to 2012), L7 ETM+ (available images from 1999 to present), and L8 OLI (available 
images from 2013 to present) available in Google Earth Engine datasets catalog [27–29]. Surface 
reflectance bands of each sensor were harmonized to a common band name that represented the same 
spectral range between the sensors (Table A1 from Appendix A). Although the relative spectral 
responses of instruments are slightly different and may cause effects on a time-series analysis [30], 
no significant effects were identified after merging the Landsat collections for aggregating SYSI over 
time. Some studies have also used this merging approach for increasing the availability of surface 
reflectance images, e.g., in [25,31], and consequently, improving the bare soil representation. 

2.2. Reflectance Evaluation and Soil Dataset 

To test the influence of temporal time frame considered for the calculation of the bare soil 
composite, two SYSIs were produced considering two different collections. The first SYSI was 
produced using a temporal subset from the full Landsat archive defined by 3 years before and after 
the LUCAS field survey of 2009 (2006–2012), which was called framed SYSI. The second SYSI was 
generated considering the full-time interval (1982–2018), being called full SYSI. We have generated 
the framed SYSI to check if significant changes would become evident when comparing its 
performance to the full SYSI. The two SYSI were compared using the correlation analysis with the 
reference topsoil spectra determined in laboratory, as well as by the performance after prediction. 
For evaluating the consistency of both SYSIs by the correlation analysis, we resampled the LUCAS 
spectra to the mean multispectral response of the four Landsat sensors and used the Spearman rank 
correlation analysis [32]. We used rank correlation analysis because we compared two domains 
(satellite and laboratory) that have different sensor and measurement characteristics, which interfere 
with the spectral response of soils. Therefore, this method was used to minimize the domain 
discrepancies and check if the rank of a sample from the first domain (laboratory) correspond to the 
rank of the same sample in the second domain (satellite). Despite the differences on the signal to noise 
ratio, the soil conditions and the temporal variability of satellite images when comparing laboratory 
and remote sensing data, the correlation coefficient gives an opportunity to understand if the patterns 
displayed in SYSI are linked to the soil reflectance, which considers in this case the laboratory 
measurements as the reference of the soil spectral response. For correlation analysis and prediction 
models, image data was sampled by intersecting the LUCAS coordinates with the SYSI bands. 

Absorbance spectra and attributes data from the topsoil samples (0–20 cm) of the EU LUCAS 
database surveyed in 2009 were used in this study [33]. Approximately 20,000 topsoil samples were 
collected in 25 EU member states (EU-27 except Bulgaria and Romania). The soil sampling was 
undertaken within the frame of the Land-Use/Land-Cover Area Frame Survey, which represents one 
million points distributed in a grid of 2 × 2 km. The sample collected at each location followed a 
composite sampling strategy which comprised five topsoil (0–20 cm) subsamples that were mixed to 
form a single composite sample. The first subsample was taken at the coordinate point of the pre-
established LUCAS point, whereas the remaining four are taken 2 m from the central one following 
the cardinal directions (North, East, South and West). Vegetation residues, grass, and litter, if present, 
were removed from the surface before sampling and from the composite sample. Soil samples have 
been analyzed for basic soil properties, including particle size distribution (soil texture), pH, organic 
carbon, carbonates, nitrogen, phosphorus, potassium, cation exchange capacity (CEC) and 
absorbance spectra, which was determined in the full continuous spectrum from 400 to 2500 nm and 
spectral resolution of 2 nm [33]. 

In this study, only samples from the main land cover type of croplands (category B) were 
selected from the 20,000 samples because most of the bare soils come from croplands, thus they have 
a more homogenized soil layer on the surface due to tillage operations. In the end, only 7142 samples 
were used from the original LUCAS dataset (Figure A2 in Appendix A). As the LUCAS spectral data 
are delivered in absorbance (A), we transformed the spectra to reflectance (R) by R = 1/10^A in order 
to correspond to the reflectance data of SYSIs. Besides the correlation analysis, the reflectance of 
LUCAS was also used to calibrate two reference models for comparing the prediction performance. 
For the first reference model, the LUCAS reflectance spectra (from 400 to 2500 nm) without any 
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preprocessing method were transformed by principal component analysis (PCA) to reduce the 
spectral dimensionality, where the first five components that had a cumulative variance of more than 
99% were submitted to model calibration. For the second reference model, the LUCAS reflectance 
spectra were resampled to the Landsat multispectral bands using the relative spectral responses of 
the four Landsat sensors [34], which were averaged to a single multispectral dataset for model 
calibration and correlation analysis. 

We also assessed the median reflectance generated from the full SYSI by inspecting its 
reflectance dispersion when the topsoil was identified as bare by GEOS3. Three random sites from 
France, Germany and Spain that were available in the EU LUCAS soil dataset (LUCAS IDS 9219, 1392, 
and 4364, respectively) were used for comparing subset images of the original true color composition 
and their respective bare soil masks. In this visualization step, three random scenes identified as bare 
in the L5 TM, L7 ETM + and L8 OLI collections were buffered by 1 km around the LUCAS 
geographical coordinate in order to visually compare the bare soil masked by GEOS3. At the same 
sites, the minimum, median, maximum and 0.25 and 0.75 percentiles of the reflectance were collected, 
making possible the evaluation of the soil reflectance dispersion. Site characteristics were also 
provided together with the spectral response to complement the SYSI reflectance evaluation. 

2.3. Prediction Models of Soil Properties 

Clay, sand, soil organic carbon (SOC), calcium carbonate (CaCO3), pH determined in water (pH 
H2O), and cation exchange capacity (CEC) data were selected to make prediction models. For this, 
we randomly split the dataset into training (80%) and test sets (20%). The prediction models were 
calibrated based either on the reflectance from the framed or the full SYSI, using the reflectance bands 
as predictors: blue (~450-520 nm), green (~520-600 nm), red (~630-690 nm), NIR (~760-900 nm), SWIR1 
(~1550-1750 nm) and SWIR2 (~2080-2350 nm). Quantile regression from the gradient boosting trees 
(GBT) of scikit-learn Python library was used as the machine learning algorithm for calibrating 
prediction models [35]. Model tuning was performed using 10-fold cross-validation for the 0.50 
percentile (median) of the training set trying different combinations of hyperparameters submitted 
to a grid search [36,37]. Learning rate was optimized from the set of 0.10, 0.15 and 0.20 units in order 
to control the magnitude of learning with the increasing number of trees. The number of estimators 
tested were 100, 250 and 500 trees to control the maximum number of trees for learning. These 
hyperparameters impact the forest used to ensemble the estimates. The maximum depth was tested 
in the set of respectively 5, 8 and 10 layers. The minimum samples at each split were optimized in the 
set of respectively 50, 100 and 200 samples. The minimum samples of each leaf were tested in the set 
of 5, 10, 20 samples. The maximum features used in each individual tree split was optimized in the 
set of 2, 4 and 6 predictors (6 is equals to the maximum number of predictors, i.e., the reflectance 
bands). These latter hyperparameters control individual trees in the GBT algorithm and are used to 
prevent specific learning of samples and reduce overfitting [38], making more robust and 
generalization models for spatially predicting the full geographical area. The best estimator was 
defined by the minimum root mean square error (RMSE, Equation 3) from the 10-fold cross-
validation of the training set, and the final hyperparameters are presented in Table A2 of Appendix 
A. 

Before the model calibration, the soil attributes values were logit-transformed to constrain the 
predicted range to a defined maximum and minimum limit [39], with the predictions back 
transformed for generating the maps and assessing the performance. To assess the model 
performance, the following parameters were calculated from the test set: the RMSE (Equation 3) was 
measured to evaluate the model’s inaccuracy; the coefficient of determination (R2, Equation 4) was 
calculated to evaluate the explained variance of models; and the ratio of performance to interquartile 
range (RPIQ, Equation 5) was estimated to assess the consistency between the predicted values and 
the testing dataset variability [40]. 
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𝑅𝑀𝑆𝐸 =  ඨ
∑ (𝑦పෝ − 𝑦௜)ଶ௡

௜ୀଵ

𝑛
 (3)

𝑅ଶ  =  1 −
∑ (𝑦పෝ − 𝑦௜)ଶ௡

௜ୀଵ

∑ (𝑦௜ − 𝑦ത)ଶ௡
௜ୀଵ

 (4)

𝑅𝑃𝐼𝑄 =  
𝐼𝑄𝑅௬

𝑅𝑀𝑆𝐸௬ො
 (5)

where 𝑦 is the vector of measured values, 𝑦ො  is the vector of predicted values, 𝑦ത is the mean of 
vector 𝑦, and IQR is the interquartile range defined by the differences of 75th and 25th percentiles. 

2.4. Spatial Prediction and Uncertainty 

For the development of maps of soil properties, the best spectral model derived from the framed 
or full SYSI was selected from the evaluation metrics and employed for predicting cropland soils 
across the European extent. In this step, we used the CORINE land-cover map of 2012 (version 20) to 
restrict our predictions, considering in this case, the grouping of ‘non-irrigated arable land’, 
‘permanently irrigated land’, ‘rice fields’, and ‘annual crops associated with permanent crops’ classes 
[41]. Soil attribute maps of the median estimate (0.50 percentile) and 90% prediction interval defined 
by 0.05 and 0.95 percentiles were produced. Uncertainty at the pixel level was defined as the ratio 
between the 90% prediction interval to the median estimate, which was then converted to the percent 
scale. Thus, as the uncertainty is standardized to the median estimate, we can compare both the 
spatial patterns and the differences between the uncertainty maps. Additionally, to visually asses the 
regional variability of the predicted clay map, four different locations were selected based on the 
spatial variability of soils and previous works developed at the same sites [13,42–45]. 

The predictions were made for separated tiles of 1 × 1 degree using multi-core processing. 
Overviews (levels 2 [pixel resolution of 60 m], 4 [pixel resolution of 120 m], and 8 [pixel resolution of 
240 m]) and virtual raster were used for mosaicking the tiles and displaying the original 30-m-
resolution maps over the European extent. The statistical analysis, machine learning and map 
visualizations were performed using free and open source software: Python 3.6 [46], GDAL [47], R 
3.4 [48], and Quantum GIS 3.4 [49]. 

3. Results 

3.1. Bare Soil Composites 

The full SYSI produced across the croplands within the European extent reveals different 
patterns represented by the true color composition (Figure 1a). Soil surfaces in Southern Europe are 
brighter than the other regions, probably because of the semi-arid conditions relatively dominated 
by iron oxides, sand and clays [44]. Conversely, the Eastern part of the map have a darker shade, 
which could be linked to soil types with dark surface horizons, such Chernozems and Phaeozems 
[50]. The frequency of soil exposure (Figure 1b), which represents how many times a site was 
identified as bare during the time interval of the multitemporal collection, also gives an opportunity 
to understand the degree of soil disturbance, which can be linked to natural factors, such as the type 
of land cover, or even human-induced factors, such as the disturbances caused by tillage operations. 
The remaining white areas in both panels are due to the absence of bare surface information that was 
masked by a cropland reference map of 2012. Despite the fact that framed SYSI had, in general, similar 
patterns as the full SYSI, framed SYSI yielded a lower proportion of bare soils and is not presented in 
this section. However, the statistical evaluation of both SYSIs is described below. 
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Figure 1. a) Full synthetic soil image (SYSI) of croplands, over the European extent; b) the equivalent 
bare soil frequency (SF). 

3.2. Soil Dataset and Reflectance Evaluation 

The summary statistics of the soil attributes used in this study are demonstrated in Table 1. Clay 
values ranged from 1% to 79%, with a mean value of 22% and standard deviation (SD) of almost 13%, 
indicating a higher predominance of medium textured soils in the dataset (mean and SD sand values: 
36% and 25%, respectively). SOC values were variable and ranged from 0 to 43.84%, with a low mean 
value of 1.68% and SD of 1.56%, probably because of the absence of higher SOC content samples that 
are common in other land cover classes, such as grasslands and forests. Calcium carbonate content 
(CaCO3) varied between 0% and 88%, with a mean value of 9%, while pH determined in water had a 
mean value close to 7 (SD of 1.01). The mean value of cation exchange capacity (CEC) was estimated 
in 15.30 cmolc kg−1, with a SD of 9.40 cmolc kg−1. 

Table 1 also shows the summary statistics of the different reflectance sources and highlights the 
discrepancies between LUCAS resampled reflectance with the median reflectance of framed and full 
SYSI. Laboratory spectral measurements resampled to Landsat multispectral range had a higher 
reflectance intensity for all the bands, with the mean value being in general twice the value of the 
reflectance of bare soil composites. The contrasting intensities can be linked to different measurement 
and soil conditions of the two acquisition levels, where in the laboratory the illumination and 
geometrical factors, and sample conditions, are controlled. Also, there could be a mixing of patterns 
in the field-of-view at the satellite level that reduces the overall reflectance. The field-of-view and the 
signal-to-noise ratio of sensors is another factor that is very contrasting between laboratory and 
spaceborne sensors, even for field reflectance measurements. 

Simple correlations between the laboratory and bare soil composite bands were moderate with 
coefficients varying from 0.49 to 0.66 (Table 2). Although the reflectance values have different 
amplitude, as demonstrated in Table 1, we can see that the correlation between both the sources still 
exists. Framed SYSI had a slightly lower correlation with the laboratory reflectance than the full SYSI. 
For the framed SYSI, the correlation coefficients ranged from 0.49 to 0.62, while for the full SYSI they 
ranged from 0.53 to 0.66. This result gives a first idea that framing the generation of a bare soil 
composite to the soil sample survey time might not improve the reflectance accuracy when using the 
GEOS3 methodology, which is based on the median reflectance of the bare soil pixels. Here, an 
assumption is that the longer time frame of the full SYSI provides a more stable median reflectance 
that is less affected by dynamic effects of the bare soils. Additionally, there could be a limitation of 
generating a bare soil composite using a shorter historical collection, which would retrieve only a few 
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bare soil exposures along the time series that would not be sufficient for estimating a robust median 
value closer to ideal bare soil conditions (e.g., dried, vegetation-free). Therefore, we selected the full 
SYSI as the best representative of the bare topsoil reflectance for the further analyses. 

Another way of assessing the median reflectance generated from the full SYSI was by inspecting 
the dispersion of the reflectance when the surface was identified as bare by GEOS3 (Figure 2). 
Different sampling sites from France, Germany and Spain from the LUCAS dataset were used in this 
additional evaluation. The land use and the geographical characteristics of the sites affects the 
amount of bare soil that can be extracted by GEOS3 (Figure 2a), regardless the Landsat sensor. For 
example, the selected site in Spain (LUCAS ID 4364) provided a higher proportion of bare soils than 
the sites from Germany and France, which can be probably linked to the dryer climate and also to a 
higher intensive land use. Despite the occurrence of extreme values as demonstrated by the minimum 
and maximum values in the spectral plots (Figure 2b), we can observe that the median statistics 
provide a reasonable estimate of bare soil reflectance, with a lower dispersion defined by the 
interquartile range (0.75 and 0.25 percentiles, represented by the gray shadow). The site in France has 
the highest median intensity, with a higher decrease of reflectance between 2000 and 2500 nm, which 
can be linked to its higher clay and CaCO3 contents. Overall, full SYSI provided a good estimate for 
the bare soil reflectance and was used in the further steps of the study for predicting cropland soil 
attributes across the European extent.
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Table 1. Descriptive statistics of soil samples subset from the Land-Use/Land-Cover Area Frame 
Survey (LUCAS) topsoil database (n = 7142). 

Variable1 Min.2 Mean SD3 Median IQR4 Max.5 

Soil Attributes 

Clay (%) 1.00 21.94 12.58 21.00 16.00 79.00 

Sand (%) 1.00 36.02 25.12 31.00 41.00 97.00 

SOC (%) 0.00 1.68 1.56 1.38 0.94 43.84 

CaCO3 (%) 0.00 9.01 15.91 0.30 11.30 88.20 

pH H2O 3.55 7.05 1.01 7.33 1.58 8.93 

CEC (cmolc kg-1) 0.00 15.30 9.40 13.80 11.30 188.10 

Resampled reflectance from laboratory 

Blue 0.03 0.15 0.05 0.14 0.05 0.50 

Green 0.04 0.21 0.06 0.20 0.08 0.61 

Red 0.05 0.27 0.07 0.27 0.10 0.67 

NIR 0.10 0.36 0.08 0.36 0.10 0.75 

SWIR1 0.17 0.48 0.08 0.48 0.10 0.81 

SWIR2 0.15 0.45 0.07 0.45 0.09 0.74 

Reflectance from framed SYSI6 

Blue 0.03 0.08 0.02 0.08 0.02 0.15 

Green 0.04 0.12 0.03 0.12 0.03 0.23 

Red 0.03 0.15 0.04 0.15 0.05 0.33 

NIR 0.05 0.23 0.05 0.23 0.07 0.43 

SWIR1 0.02 0.30 0.06 0.29 0.08 0.54 

SWIR2 0.02 0.24 0.05 0.24 0.07 0.43 

Reflectance from full SYSI 

Blue 0.04 0.08 0.02 0.08 0.02 0.14 

Green 0.04 0.12 0.03 0.12 0.03 0.22 

Red 0.04 0.15 0.04 0.15 0.05 0.33 

NIR 0.05 0.23 0.05 0.23 0.06 0.43 

SWIR1 0.03 0.29 0.06 0.29 0.08 0.53 

SWIR2 0.03 0.24 0.05 0.24 0.06 0.42 
1Soil attributes: soil organic carbon (SOC), calcium carbonate (CaCO3), pH determined in water solution (pH 
H2O), cation exchange capacity (CEC). Reflectance bands: blue (~450–520 nm), green (~520–600 nm), red (~630–
690 nm), near infrared (NIR: ~760–900 nm), shortwave infrared 1 (SWIR1: ~1550–1750 nm) and shortwave 
infrared 2 (SWIR2: ~2080–2350 nm). 2Minimum value. 3Standard deviation (SD). 4Interquartile range (IQR). 
5Maximum value. 6Synthetic soil image (SYSI). 
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Table 2. Spearman correlation between laboratory resampled reflectance and synthetic soil images. 

Correlation1 Blue Green Red NIR SWIR1 SWIR2 

Resampled~Framed SYSI 0.60 0.62 0.62 0.60 0.59 0.49 

Resampled~Full SYSI 0.63 0.66 0.66 0.65 0.63 0.53 

Framed SYSI~Full SYSI 0.90 0.93 0.94 0.93 0.94 0.93 
1All correlations are significant at p < 0.05. Reflectance bands: blue (~450–520 nm), green (~520–600 nm), red 
(~630–690 nm), near infrared (NIR: ~760–900 nm), shortwave infrared 1 (SWIR1: ~1550–1750 nm) and shortwave 
infrared 2 (SWIR2: ~2080–2350 nm). 

 
Figure 2. a) Example of original scenes (true color composition) and bare soil masks from the Landsat 
collection (left panels), in this case considering the Landsat 5 Thematic Mapper (TM), Landsat 7 
Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational Land Imager (OLI), centered at 
the three LUCAS sampling points and with a circle buffer of 1000 m; b) Dispersion of the full SYSI 
reflectance for the same sites, where the minimum, 0.25 percentile, median, 0.75 percentile and 
maximum values are provided. Full SYSI reflectance is defined by the median estimate, attenuating 
the influence of extreme values. Soil site characteristics are provided together with the spectral 
patterns. 

3.3. Prediction Models 

Table 3 shows the performance of the gradient boosting tree regressions for each of the six soil 
attributes using four different reflectance data. The LUCAS original and resampled reflectance 
datasets deliver the best performances for almost all the attributes in both training and testing sets, 
confirming its superior composition for calibrating spectral prediction models. However, the soil 
organic carbon was unable to be predicted (R2 < 0.35 and RPIQ < 1.5 in training and testing sets) even 
considering the LUCAS laboratory data. In particular, texture attributes and calcium carbonate 
content had the best calibration and testing performance for all datasets (R2 > 0.35 and RPIQ > 1.5), 
except for framed SYSI. Additionally, we can identify from the testing results that there is an inferior 
performance for both SYSI models compared to the reference models of laboratory data. This result 
can be associated to measurement characteristics and soil surface conditions of satellite acquisition 
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level, and possibly to the effect of integrating pixel values to point coordinates (support change). 
Nonetheless, the results demonstrate that the full SYSI can still be used as a covariate for building 
prediction models based on its median reflectance values. Another point that is worth mentioning is 
that framing the SYSI to soil survey period does not improve the prediction performance, suggesting 
that the full SYSI have the most reliable estimate of the median topsoil reflectance after using a denser 
historical collection (37 years). 

Table 3. Performance of prediction models of soil properties (n = 7142) using reflectance data. 

Attribute1 Reflectance data2 3R2 RMSE4 RPIQ5 R2 RMSE RPIQ 

  Training set (80%) Testing set (20%) 

Clay (%) Original 0.80 5.57 2.87 0.58 8.35 2.04 

 Resampled 0.78 5.80 2.76 0.49 9.18 1.85 

 Framed SYSI 0.53 8.58 1.87 0.36 10.28 1.65 

 Full SYSI 0.67 7.20 2.22 0.44 9.59 1.77 

Sand (%) Original 0.66 14.57 2.81 0.42 19.26 2.23 

 Resampled 0.72 13.27 3.01 0.37 20.07 2.14 

 Framed SYSI 0.56 16.54 2.42 0.22 22.39 1.92 

 Full SYSI 0.68 14.10 2.84 0.25 21.93 1.96 

SOC (%) Original 0.35 1.09 0.86 0.24 1.52 0.58 

 Resampled 0.25 1.31 0.72 0.13 1.62 0.54 

 Framed SYSI 0.10 1.44 0.66 0.04 1.69 0.52 

 Full SYSI 0.16 1.39 0.68 0.06 1.68 0.52 

CaCO3 (%) Original 0.59 10.97 1.70 0.54 11.89 1.82 

 Resampled 0.76 8.48 2.30 0.47 12.70 1.70 

 Framed SYSI 0.47 12.56 1.55 0.31 14.50 1.49 

 Full SYSI 0.51 12.18 1.60 0.36 13.99 1.54 

pH H2O Original 0.62 0.63 2.48 0.39 0.80 2.05 

 Resampled 0.62 0.62 2.52 0.31 0.85 1.93 

 Framed SYSI 0.46 0.74 2.10 0.14 0.94 1.73 

 Full SYSI 0.45 0.75 2.08 0.21 0.90 1.80 

CEC 
(cmolc kg−1) 

Original 0.70 4.38 2.32 0.38 7.66 1.46 

 Resampled 0.66 5.35 2.11 0.32 8.02 1.39 

 Framed SYSI 0.39 7.16 1.58 0.22 8.60 1.30 

 Full SYSI 0.54 6.24 1.81 0.28 8.25 1.35 
1Soil attributes: Soil organic carbon (SOC), calcium carbonate (CaCO3), pH determined in water solution (pH 
H2O), and cation exchange capacity (CEC). 2Synthetic Soil Image (SYSI); Original and Resampled terms refer to 
the LUCAS absorbance spectra (450 to 2500 nm) used as reference prediction models, where the original was 
converted to reflectance and reduced by principal component analysis, and the resampled was converted to 
reflectance and resampled to the Landsat multispectral bands. 3Coefficient of determination (R2). 4Root mean 
squared error (RMSE). 5Ratio of performance to interquartile range (RPIQ). 

3.4. Spatial Predictions and Uncertainty 
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The predicted clay content of croplands across the European geographical extent (using the full 
SYSI) showed the predominance of soils with low to medium clay content (Figure 3a). Soils with low 
clay estimates prevail from the central of Western to Eastern Europe. Conversely, soils rich in clay 
are more evident in some regions of the United Kingdom, Spain, Italy and the Southeastern of 
Europe. The uncertainty of predictions (Figure 3b), estimated as the 90% prediction interval 
standardized to the median estimate, reveals that croplands with higher estimates of clay can have 
in some cases, a high uncertainty, i.e., there is a high variation around the predicted median value. 
This observation coincides with the croplands in the North of Italy and in the United Kingdom. 

 
Figure 3. a) Soil European clay map using the full synthetic soil image (SYSI) as model predictor; b) 
the clay uncertainty map. 

Calcium carbonate content was also estimated across the croplands within the European extent 
using the full SYSI (Figure 4a). In this map, lower carbonate contents predominate across the 
European extent, which is possibly related to low abundance (mean and median values) already 
expressed in the samples from the LUCAS dataset (Table 1). The Champagne region in France and 
some soils of Spain had the highest estimates of CaCO3, although the uncertainty was also considered 
moderately high (Figure 4b). Other sites in Italy, Greece and the Mediterranean region also had 
significant estimates of CaCO3 as displayed by light blue shades in Figure 4a. These mapped areas 
coincide with calcium-rich lithology that forms CaCO3 rich soils, suggesting that multispectral 
reflectance from bare soil composites can be relevant for mapping this soil attribute over croplands. 
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Figure 4. a) Soil European CaCO3 map using the full synthetic soil image (SYSI) as model predictor; 
b) the CaCO3 uncertainty map. 

The clay maps were also checked at the regional level by inspecting the predictions produced 
from the full SYSI (Figure 5). Four different regions across the European extent were selected to check 
the spatial variability of clay, which included sites from Germany (Figure 5a), Spain (Figure 5b), 
France (Figure 5c), and Italy (Figure 5d). The regional maps seem to aid the recognition of the local 
variability of clay content, which can be important for a more efficient management of croplands, for 
example. The spatial patterns in these images can be linked to lithological variability, which affects 
the soil texture. In general, the comparison of these regional mapping fits well with previous 
published results for these regions [13,42–45]. The true color composites (full SYSI) for the same sites 
of Figure 5 are provided in Figure A3 in Appendix A. 
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Figure 5. a) Regional clay map (left) and uncertainty (right) near Demmin, Germany; b) regional clay 
map (left) and uncertainty (right) near Rodalquilar, Spain; c) regional clay map (left) and uncertainty 
(right) near Reims, France; d) regional clay map (left) and uncertainty (right) near Grosseto, Italy. 
Note: the regional maps were masked by croplands of the CORINE 2012 map. 

4. Discussion 

Framing the SYSI generation to the soil observation survey was a more reasonable approach for 
generating a bare soil composite, especially for predicting dynamic soil properties, such as SOC and 
chemical soil properties. However, the median reflectance estimated by the full SYSI had a higher 
correlation with the reference spectra collected in the laboratory, which resulted in more accurate 
predictions by machine learning. Some studies have already pointed out that denser collections of 
historical images increase the probability of retrieving more bare soils over a given area, which 
increases the mapped area and the quality of topsoil reflectance [16,18,31]. 

After employing the reflectance from bare soil composites to machine learning, the evaluation 
metrics revealed that CaCO3 and clay attributes yielded the best prediction performances (Table 2). 
Many studies have demonstrated that clay and calcium carbonates have distinctive absorption 
characteristics in VIS-NIR-SWIR region [11,51,52] including albedo, shape, and absorption features, 
which could explain why these two soil attributes had the highest accuracies. In the bare soil 
composites, although specific absorption features are not depicted due to the lower resolution of 
multispectral data, the intensity and shape were influenced by soil constituents, in accordance with 
the findings of [53]. Furthermore, studies that compared different acquisition levels for predicting 
either clay or carbonate topsoil contents confirm that laboratory-based spectra give the best estimates, 
although field and aerial data can also be employed for depicting the spatial variability of clay and 
CaCO3 [11,52]. 

In the work performed by [11], the effectiveness of continuum-removed absorption features for 
clay and CaCO3 prediction from different hyperspectral acquisition levels was tested. The spectral 
consistency changes from laboratory to aerial sensors were also assessed in that study. Their results 
confirmed that simple models based on absorption features are efficient in predicting clay and CaCO3 
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estimates regardless of the source [34]. Our results obtained from a multispectral approach confirmed 
that it is possible to map these two soil attributes using the bare soil reflectance and a large SSL as 
ground data for calibration. However, the prediction of soil attribute using multispectral reflectance 
relies on the total apparent reflectance value (albedo) rather than specific absorption features [53], 
which are usually employed in a specific group of soils that are measured by the same protocol 
(sample preparation, spectroradiometer, and lightening configuration). 

Soil spectral libraries (employed in laboratory) have been extensively explored in soil 
spectroscopy and digital soil mapping and have become an alternative for traditional wet analysis 
for some specific attributes. Transferring multispectral or hyperspectral prediction models from 
laboratory to bare soil images seems to be challenging. The uncertainty is high because not only do 
the acquisition means hamper the predictions, but also the temporal and surface conditions degrade 
the signal of soils in satellite images [11,20,54]. Differences in reflectance intensities make difficulty 
for the transfer of a prediction model without standardizing the data, as the model’s coefficients of 
one level might yield biased estimates on the other. In addition, there are other aspects that pose 
limitations when integrating soil spectral libraries to multispectral bare soil composites. Since the soil 
spectral reflectance is determined by several soil properties that usually vary in space and time, the 
sampling design must consider the variability of soils in adequate scales, i.e., usually at the regional 
or local level. It is also important to take into consideration the temporal changes that can happen for 
some soil attributes, such as SOC, pH and soil elements. These characteristics can affect model 
calibration, resulting in poor validation performance and the generalization of predictions, similarly 
to what was found for SOC, pH and CEC in this study (Table 3). Furthermore, the change of support 
from pixels to coordinate points may also be assessed when integrating SSL to bare soil images. The 
optimal condition for integrating these data takes into account the pixel variability within a certain 
extent around the point coordinate, followed by the fitting of a spatial model to predict a value exactly 
at the point coordinate [1,55]. This approach could correct the differences between the point and pixel 
support but are still subjected to some additional definitions, such as the extent size around the point 
coordinate (number of pixels) and other spatial model parameters. Similarly, the subsampling design 
of soil samples at the coordinate points may also affect the integration, i.e., whether the point was 
comprised of a single instance (point support) or many composite samples (areal support). Thus, as 
these additional factors can impact the results derived from bare soil composites, they may be 
addressed in future works. 

Nonetheless, there is still room for exploring the transferring approach using bare soil 
composites, mainly considering forthcoming hyperspectral images and more advanced machine 
learning frameworks [56,57]. Bare soil composites derived from hyperspectral imagers, either aerial 
or orbital, can be exploited in future investigations because they provide images with more spectral 
bands and higher spectral resolution, which can be associated to specific absorption features. This is 
the case of the current hyperspectral in orbit PRISMA (PRecursore IperSpettrale della Missione 
Applicativa [58]) and of the other upcoming hyperspectral imagers, such as the German EnMAP 
(Environmental Mapping and Analysis Program [59]). Other machine-learning frameworks and 
standardization methods can also be investigated on transferring prediction models from laboratory 
to satellite levels. This could be the case of convolution neural networks using the model transfer 
approach by fine tuning the models to the acquisition and/or spatial domains [20,54]. In the work 
performed by [20], the researches successfully transferred a clay prediction model calibrated from 
LUCAS laboratory spectral data to a hyperspectral aerial image covering a small region in Spain, 
reaching an R2 of 0.60 and RMSE of 8.62% using convolutional neural networks. 

5. Conclusions 

This study supports the proposition that bare soil composites can be generated over the 
European extent for developing topsoil prediction models of clay and calcium carbonates of cropland 
soils. Our approach used the median reflectance of 37 years of Landsat imagery for reducing extreme 
estimates along the multitemporal survey. Further, prediction models were established using 
gradient boosting tree regressions coupled with a subset of the EU LUCAS soil dataset. We propose 
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that this approach can be added to digital soil mapping seeking to improve the topsoil prediction of 
croplands at a regional or local level, since the topsoil of this land use is more homogeneous due to 
tillage practices. We also found that generating a bare soil composite displaced to the survey time of 
soil survey did not affect the prediction accuracy of relatively stable soil attributes, i.e., clay and 
calcium carbonates. In fact, a denser historical collection increases the chances of retrieving more 
exposed surfaces, which improves the representation of diverse soils. 
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Appendix A 

Table A1. Harmonization of the specific band numbers to common spectral names. 

Common 
name1 

Landsat 4 TM2 Landsat 5 TM3 Landsat 7 ETM+4 Landsat 8 OLI5 

Blue 1 (450-520 nm) 1 (450-520 nm) 1 (450-520 nm) 2 (452-512 nm) 

Green 2 (520-600 nm) 2 (520-600 nm) 2 (520-600 nm) 3 (533-590 nm) 

Red 3 (630-690 nm) 3 (630-690 nm) 3 (630-690 nm) 4 (636-673 nm) 

NIR 4 (770-900 nm) 4 (770-900 nm) 4 (770-900 nm) 5 (851-879 nm) 

SWIR1 5 (1550-1750 nm) 5 (1550-1750 nm) 5 (1550-1750 nm) 6 (1566-1651 nm) 

SWIR2 7 (2080-2350 nm) 7 (2080-2350 nm) 7 (2080-2350 nm) 7 (2107-2294 nm) 
1NIR: Near infrared; SWIR1: Shortwave infrared 1; SWIR2: Shortwave infrared 2. 2Landsat 4 Thematic Mapper 
(TM). 3Landsat 5 Thematic Mapper (TM) sensor. 4Landsat 7 Enhanced Thematic Mapper (ETM+) sensor. 5Landsat 
8 Operational Land Imager (OLI) sensor. 
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Figure A1. Boxplot and density plot of spectral indices calculated from the convolved reflectance 
measurements of LUCAS topsoil samples. Normalized Difference Vegetation Index (NDVI) and 
Normalized Burn Ration 2 index (NBR2) are used to identify potential soil pixels on satellite images. 

 
Figure A2. Location of sampling points (n = 7142) used in this study, which are a subset from the 
LUCAS dataset of 2009 and were split in training (80%) and testing (20%) samples. 
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Figure A3. Regional maps of full SYSI represented by the true color composite, for the same sites of 
Figure 5 (Germany, France, Spain and Italy).



Remote Sens. 2020, 12, 1369 19 of 22 

 

Table A2. Hyperparameters of the best regressions from gradient boosting trees, defined by 10-fold 
cross-validation of the training set (80%). 

Soil attribute1 Reflectance source2 Seed LR3 NE4 MF5 MD6 MSS7 MSL8 

Clay Original 1993 0.10 500 1 10 50 20 

 Resampled 1993 0.20 500 6 10 50 10 

 Framed SYSI 1993 0.10 250 6 5 100 20 

 Full SYSI 1993 0.15 500 4 8 200 20 

Sand Original 1993 0.10 250 5 8 50 10 

 Resampled 1993 0.10 500 4 10 50 20 

 Framed SYSI 1993 0.10 250 4 10 100 5 

 Full SYSI 1993 0.15 500 2 10 50 10 

SOC Original 1993 0.10 100 1 10 200 5 

 Resampled 1993 0.10 500 6 5 50 20 

 Framed SYSI 1993 0.10 100 2 5 100 20 

 Full SYSI 1993 0.10 100 4 8 50 20 

CaCO3 Original 1993 0.10 100 1 5 100 20 

 Resampled 1993 0.20 500 2 8 50 20 

 Framed SYSI 1993 0.10 100 4 8 100 20 

 Full SYSI 1993 0.10 100 4 10 200 5 

PH H2O Original 1993 0.10 100 1 10 50 10 

 Resampled 1993 0.10 500 6 8 50 20 

 Framed SYSI 1993 0.15 250 4 10 100 20 

 Full SYSI 1993 0.15 250 4 8 200 20 

CEC Original 1193 0.10 250 1 10 50 20 

 Resampled 1993 0.10 500 6 10 50 20 

 Framed SYSI 1993 0.10 100 4 8 200 20 

 Full SYSI 1993 0.10 500 4 8 200 20 

1Soil attributes: Soil organic carbon (SOC), calcium carbonate (CaCO3), pH determined in water solution 
(pH H2O), and cation exchange capacity (CEC). 2Synthetic soil image (SYSI). Original and Resampled terms 
refer to the LUCAS absorbance spectra (450 to 2500 nm) used as reference prediction models, where the 
original was converted to reflectance and reduced by principal component analysis, and the resampled 
was converted to reflectance and resampled to the Landsat multispectral bands. Hyperparameters of 
gradient boosting trees from scikit-learn Python library: 3learning_rate (LR); 4n_estimators (NE); 
5max_features (MF); 6max_depth (MD); 7min_samples_split (MSS); 8min_samples_leaf (MSL). 
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