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A B S T R A C T   

The topsoil Land Use and Cover Area frame Statistical survey (LUCAS) aims at collecting harmonised data about 
the state of soil health over the extent of European Union (EU). In the LUCAS 2018 survey, bulk density has been 
analysed for three depths, i.e., 0–10 cm = 6140 sites; 10–20 cm = 5684 sites and 20–30 cm =139 sites. The 
laboratory analysis and the assessment of the results conclude that the bulk density at 10–20 cm is 5–10% higher 
compared to 0–10 cm for all land uses except woodlands (20%). In the 0–20 cm depth, croplands have 1.5 times 
higher bulk density (mean: 1.26 g cm− 3) compared to woodlands (mean: 0.83 g cm− 3). The main driver for bulk 
density variation is the land use which implies that many existing pedotransfer rules have to be developed based 
on land use. This study applied a methodological framework using an advanced Cubist rule-based regression 
model to optimize the spatial prediction of bulk density in Europe. We spatialised the circa 6000 LUCAS samples 
and developed the high-resolution map (100 m) of bulk density for the 0–20 cm depth and the maps at 0–10 and 
10–20 cm depth. The modelling results showed a very good prediction (R2: 0.66) of bulk density for the 0–20 cm 
depth which outperforms previous assessments. The bulk density maps can be used to estimate packing density 
which is a proxy to estimate soil compaction. Therefore, this work contributes to monitoring soil health and 
refine estimates on carbon and nutrients stocks in the EU topsoil.   

1. Introduction 

Bulk density is an important parameter for understanding the 
physical, chemical and biological soil properties (Al-Shammary et al., 
2018). Dry bulk density and total porosity are the most frequently used 
indicators to characterize the state of compactness of a topsoil 
(Håkansson and Lipiec, 2000). 

Accurate bulk density data is important for the determination of soil 
porosity and soil moisture (Robinson et al., 2022; Vereecken et al., 
1989). Bulk density is inversely related to soil porosity which shows the 
space left in the soil for air and water movement (McNabb et al., 2001). 
Bulk density is used as a proxy indicator to determine the soil compac
tion stress in topsoils (Defossez et al., 2003; Stolf et al., 2011). In 
addition, the bulk density can be determinant for the penetration stress 
and therefore influence the availability of fertilizers to plants and their 
efficiency (Celik et al., 2010). 

Accurately measuring bulk density is crucial for refining estimates of 

soil organic carbon stocks and their changes in time and space (Lee et al., 
2009). The precise determination of soil bulk density holds particular 
significance in carbon crediting schemes, where farmers receive credits 
based on the absolute amount of carbon sequestered. However, it is 
important to acknowledge that measurements of soil bulk density are 
prone to random errors, which can reach up to 40% (Zhou et al., 2019). 
Moreover, in soils with high rock fragment content (> 30 vol%), this 
error is further exacerbated, reaching up to 100% if gravel content is not 
taken into account (Poeplau et al., 2017). Bulk density is calculated as 
the ratio of dried soil mass to its volume(Blake, 1965; Hillel, 1980):  

ρb = Ms / Vs                                                                                   (1) 

ρb is estimated as Mg m− 3 while Ms is the weight (Mg) and Vs the 
volume of the sampled dry soil (in m3). In many other cases bulk density 
is reported as g cm− 3. 

Since collecting samples for bulk density and analysing them in a 
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laboratory is costly (Keller and Håkansson, 2010), scientists have 
developed pedotransfer rules based on physical properties. Scientific 
groups have developed various functions to derive the bulk density 
(Dobarco et al., 2019; Montzka et al., 2017; Wösten et al., 1999). As an 
example, the bulk density can be obtained from a pedotransfer rule 

which includes packing density and clay content (Jones et al., 2003). In 
a more recent work, pedotransfer rules have been developed for culti
vated soils and other mineral horizons taking into account organic 
carbon, sand and clay (Hollis et al., 2012). In a recent review, authors 
have evaluated 56 pedotransfer rules to derive bulk density using as 

Fig. 1. Distribution of LUCAS 2018 points surveyed for bulk density. Colours are applied to show their distribution per land cover type (cropland, grassland, 
woodland and other). Vertical bars represent the number of points per country. 
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inputs organic matter/carbon, sand, clay and depth in various land uses 
(Sevastas et al., 2018). 

Using such a pedotransfer rule based on soil texture (Jones et al., 
2003), Ballabio et al. (2016) included as input ~20,000 soil samples of 
the Land Use and Cover Area frame Statistical survey (LUCAS) to 
develop the first high resolution pan-European map of bulk density. 
However, such assessments were accompanied by significant un
certainties, given that the applied pedotransfer rules might not be uni
versally applicable to all different type of soils, climate and land uses in 
the European Union (EU). Nevertheless, the derived European bulk 
density map has been instrumental to estimate soil organic carbon stocks 
(Lugato et al., 2021), sediments distribution (Borrelli et al., 2018), 
mercury stocks in topsoils (Ballabio et al., 2021) and nutrients stocks 
(Panagos et al., 2022a). Therefore, there is an immediate and pressing 
need to produce a more accurate and detailed soil bulk density map. This 
becomes pivotal for improving the precision of current evaluations 
related to soil health indicators such as soil organic carbon stocks. 

The primary objective of this study is to develop a bulk density 
dataset based on the ~6000 samples collected across the EU by using 
advanced machine learning methods. This study also aims to: a) inves
tigate the impact of land cover (and crop systems) and soil depth in 
influencing bulk density; b) compare the results with the bulk density 
derived by pedotransfer rules and other studies which mapped BD and c) 
assess the packing density which is a proxy for susceptibility to soil 
compaction in EU agricultural soils. Finally, we make some consider
ations on how the findings will be further used in future modelling as
sessments combining them with management practices. 

2. Methods and data inputs 

2.1. Study area 

The study area includes all land uses across the European Union (EU) 
and the United Kingdom (UK). The survey of bulk density took place in 
28 countries and the presented datasets/maps refer to this area. The 
distribution of the surveyed points and the distribution per country and 
land cover is shown in Fig. 1. 

2.2. LUCAS 2018 Topsoil database and bulk density survey 

The LUCAS topsoil survey includes ~20,000 points in the EU with 
measured physical, chemical, and biological properties (Orgiazzi et al., 
2018a). The LUCAS 2018 was the 3rd topsoil sampling campaign 
following the 2009 and 2015. The LUCAS 2018 soil introduced new 
modules for analysis in a limited number of samples due to budget re
strictions. Those new modules include the assessment of soil biodiver
sity, pesticides residues, assessment of soil erosion features and bulk 
density. 

For the 2018 LUCAS campaign, bulk density was measured on 
approximately 6000 locations across EU+UK. Even if the total LUCAS 
topsoil surveyed samples are almost 20,000, the bulk density analysis 
was limited to the 6000 points due to budget constraints. Bulk density 
was determined at various depth levels: 0–10 cm (6246 points), 
10–20 cm (5786 points), and 20–30 cm (140 points, only for Portugal). 
Moreover, for locations where measurements were available for both 
0–10 cm and 10–20 cm depths, the bulk density (BD) at the 0–20 cm 
stratum was computed by averaging the measurements from the 
0–10 cm and 10–20 cm depths across 5659 points (Table 2). 

The sampling strategy for bulk density points is similar to the one 
used to select the LUCAS 2018 points which includes criteria such as 
land use/cover, soil properties and topography. The highest number of 
points have been surveyed in Spain, France, Sweden, Poland, Finland 
and Italy (Fig. 1). The average density in the whole study area is 1 point 
every ~750 km2 with smaller countries having higher density and 
Romania, Germany, Belgium, UK and Ireland having density around 1 
point every 1700–3000 km2. The low density of points in those countries 

is related to non-accessibility to planned surveyed points. 
At each chosen LUCAS location, before collecting the soil cores, 

stones larger than 6 cm, vegetation residues, grass, and litter were 
removed from the soil surface. The surveyors were advised to select the 
locations without stones and sample the fine soil in the ring. Upon 
cleaning the site, five soil cores were extracted using a 100 cm3 metallic 
ring. The first soil core was collected directly from the georeferenced 
location (Fig. S1), while the other four cores were gathered from a dis
tance of 2 m away, following the cardinal directions: North, East, South, 
and West. This process was repeated for the 0–10 cm and 10–20 cm 
depth intervals. For the 20–30 cm depth in Portugal, the number of soil 
cores collected were limited to three. Any excess soil around the ring was 
carefully scraped off with a knife. Each soil sample obtained from the 
metallic ring for each depth was then placed in a plastic bag and 
weighed. 

These bulk samples (0–10 cm, 10–20 cm, and 20–30 cm depths) 
were subsequently left to air-dry, and their weights were recorded once 
more (Fig. S1). The plastic bags were securely sealed for transportation 
to the laboratory. Upon reaching the laboratory, to determine the soil 
mass fraction of the sample, a subsample of the bulk soil was transferred 
to a pre-dried and pre-weighed container (Fig. S1). This subsample 
(3–5 g of soil) was then oven-dried at 105 ◦C until it reached a constant 
weight. The final bulk density for each location was then calculated 
following the adapted ISO 11272:2017(Fernandez-Ugalde et al., 2022; 
ISO, 2017). 

Of the initial 6246 samples for the depth 0–10 cm, 99 samples were 
omitted because of missing geographical coordinates (and land use in
formation), 7 samples were sparse in wetlands and water areas and 31 
samples had unrealistic BD (values <0.1 g cm− 3 or >2.8 g cm− 3). As a 
rule, rocks and gravels have bulk densities higher than the 2.8 g cm− 3 

(Ramcharan et al., 2017; Rossi et al., 2008). Therefore, the filtered 
database (with complete information) included 6140 samples for the 
depth 0–10 cm. For the 10–20 cm strata, from the initial 5786 samples, 
95 were excluded because of missing geographical information and 7 
samples were located in wetlands/water; therefore, the filtered database 
included 5684 samples (Table 2). The common quality checked samples 
for both depths (0-10 cm, 10-20 cm) are 5689. 

Table 1 
Spatially continuous covariates used for modelling Bulk density at European 
scale.  

Environmental 
feature 

Covariate Source Covariate 
type 

Land cover CORINE land cover type CORINE Categorical 
Soil Soil chemical and 

physical parameters 
LUCAS Numerical 

Topography DEM derived topographic 
features 

SRTM/EU 
DEM 

Numerical 

Vegetation EVI, MODIS reflectance MODIS/ 
Sentinel 2 

Numerical  

Table 2 
Aggregated data per different depths. The filtered samples refer to the ones 
passing the quality checks and having valid coordinates and land cover 
information.  

Depth No of 
samples 

No of filtered samples 
(complete info) 

Mean 
(g 
cm¡3) 

Median 
(g 
cm¡3) 

0–10 6246 6140  1.04  1.09 
10–20 5786 5684  1.13  1.18 
0–20 5659 5659  1.09  1.14 
20–30 140 139  1.21  1.24  
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2.3. Model description for spatial interpolation of bulk density 

The spatial interpolation of soil bulk density was performed using the 
Cubist regression trees (Fernández-Delgado et al., 2019). Based on the 
M5 model tree (Alckmin et al., 2022), in the Cubist regression model, 
decision trees contain a linear regression model in each terminal node. 
An M5 model tree (Alckmin et al., 2022) is a binary decision tree having 
linear regression functions at the terminal (leaf) nodes, which can pre
dict continuous numerical attributes(Pal and Deswal, 2009). The deci
sion tree is based on a series of “if then” rules branching the tree; each set 
of rules has an associated multivariate linear model used to calculate the 
predicted value. In addition, Cubist uses multiple training committees 
and neighbouring so as to make the weights more balanced. Neigh
bouring is used to modify the rule-based forecasts by adding more ob
servations of the target variable. The neighbours belong to a closer set of 
observations in feature space, which are then averaged in order to 
reduce the influence of outliers. The use of committees means that a 
series of trees (with slightly different weights) are created for the same 
task and their outcome is then pooled into a single prediction akin to 
statistical boosting. 

The Cubist approach was selected among other interpolation 
methods for its prediction performance and computational efficiency. 
Cubist resulted as the best (or on par) model for the given task after 
optimising the models to search for the best set of tuning parameters and 
predictive features. Moreover, given the number of pixels to be pre
dicted, the computational efficiency of Cubist allows to produce maps in 
a shorter time with less computational burden. For these reasons, Cubist 
was selected over similarly performing models like Gaussian Process 
Regression (GPR) and Random Forests (RF). While both GPR and RF 
achieved similar performance metrics, their performance was less 
consistent under different cross validation runs. Moreover, RF resulted 
in a more biased prediction and widely varying outcomes when 
extrapolating from the observed range of target values. While GPR w 
produces unbiased estimates of the target variable, it is computationally 
extremely expensive as it relies on matrix inversion, resulting in (n3) 
time complexity and (n2) memory complexity (where n is the number of 
samples). 

The computation of the bulk density maps was performed in R V4.2.3 
(R Core Team, 2022) using he Cubist package (Kuhn et al., 2023) and the 
Terra package (Hijmans et al., 2022) for handling the input rasters. 

2.4. Ancillary data - covariates 

A set of candidate covariates were considered as proxies of bulk 
density owning to their link to soil properties (Table 1). Given the 
relation of soil bulk density with soil texture and soil organic matter 
content, such physical and chemical covariates were included (Ballabio 
et al., 2019, 2016). Soil texture and soil organic carbon are also analysed 
and made available through the LUCAS topsoil databases (Orgiazzi 
et al., 2018a). In addition, the surveyors record the land cover where the 
sample is taken. 

In past spatial interpolation studies (Ballabio et al., 2019, 2016), we 
have used MODIS products. Given the finer spatial scale used in the 
current study, MODIS products (NDVI, radiance) were replaced by 
analogous Sentinel 2 (Copernicus Sentinel data, 2022) products. Terrain 
parameters were derived at a finer resolution using the 30 m version of 
the NASADEM (Abrams et al., 2020; Crippen et al., 2016). 

In addition to the data sources previously used, the Synthetic Aper
ture Radar (SAR) data from the Sentinel-1 satellite (Copernicus Sentinel 
data, 2022) (Son et al., 2021) was included in the analysis. In particular, 
the value of the reflectance at different polarisations and their ratio at 
different times of the year was used as a proxy to describe (among other 
covariates) the soil water content and in turn the textural and organic 
matter content. 

2.5. Packing density estimation 

The Packing Density (PD) is a measure of compactness of the soil and 
can be a useful parameter for the spatial interpretation of the degree of 
soil compaction. The PD equation (Eq. 2) was initially developed to 
estimate soil compaction for the German soil mapping (Renger, 1970). 
Then PD has been proposed as a proxy indicator for soil compaction and 
the Eq. 2 has been applied in past studies (Jones et al., 2003; Micheli 
et al., 2008; Shamal et al., 2016):  

PD = BD + 0.009 x C                                                                     (2) 

Where BD is the bulk density as g cm− 3 (Section 3) and C is the clay 
content (%) (Ballabio et al., 2016). The estimated PD map will refer to 
0–20 cm and is measured as g cm− 3 (or Mg m− 3). 

3. Results 

3.1. Analysis per depth 

Bulk density is a dynamic property that varies according to the 
profile depth due to changes in organic matter content, porosity and 
compaction (Chaudhari et al., 2013). According to estimated means and 
medians in different depths, bulk density is around 10% higher in the 
layer 10–20 cm compared to topsoil layer of 0–10 cm (Table 2). 

A joint database for which bulk density information and land cover 
exist for both 0–10 cm and 10–20 cm includes 5659 records. The median 
bulk density for the 0–10 cm is 1.1 g cm− 3 (mean: 1.04 g cm− 3) with the 
25th percentile at 0.85 g cm− 3 and the 75th percentile at 1.29 g cm− 3 

(Fig. 2). The median bulk density for the 10–20 cm is 1.18 g cm− 3 

(mean: 1.13 g cm− 3) which is 7% higher compared to the 0–10 cm. This 
layer has the 25th percentile at 0.95 g cm− 3 and the 75th percentile at 
1.36 g cm− 3 (Fig. 2). 

For few points, located in Portugal, we have performed the analysis 
for three depths (0–10, 10–20 and 20–30 cm). The results show that bulk 
density is increasing with depth, similar to the literature findings 
(Abu-Hamdeh, 2003). Subsurface layers (> 20 cm depth) have less 
organic matter and root penetration is reduced compared to surface 
layers; this means less porosity and higher bulk density for the subsur
face layers. The gradient of change in bulk density for the three depths is 
confirmed for all land cover types (cropland, grassland, woodland) 
(Fig. 3). 

3.2. Analysis per land cover and crop types 

Bulk density varies in different land cover types (Fig. 4). The higher 
values of bulk density are measured in croplands (for both depths: 0–10 
and 10–20 cm) followed by bare lands and artificial lands. The shrub
lands and grasslands have similar median values while the lowest values 
have been found in the woodlands (Fig. 4). The highest mean and me
dian BD value in cropland is explained due to the lower organic matter, 
soil compaction and management practices (e.g. tillage) (Biro et al., 
2013). 

The mean bulk density for more than 2330 samples in croplands is 
1.24 g cm− 3 for the top 0–10 cm and 1.29 g cm− 3 for the 10–20 cm. The 
bare land is the second land cover category with median values at 1.2 
and 1.27 g cm− 3. Even with a limited number of 26 samples in artificial 
land, this land use has the third highest bulk density. Grasslands and 
shrublands have similar mean values for bulk density. The mean bulk 
density in woodlands is very low for the 0–10 cm (0.73 g cm− 3) and 
relatively low for the 10–20 cm (0.93 g cm− 3). In most cases, forest soils 
have much lower values in their upper layer (0–10 cm) due to its rich
ness in organic matter and biotic activity, which promotes formation of 
well-developed crumb structure and high porosity (Cambi et al., 2015; 
Corti et al., 2002). The mean bulk density in the 6 samples located in 
wetlands was very low at 0.2 g cm− 3. 
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For croplands and artifical lands, the median in the 10–20 cm depth 
is 4–5% higher than the one in the 0–10 cm depth. For grasslands and 
shrublands, the median in the 10–20 cm depth is 8–10% higher 
compared to the top 10 cm. In woodlands, the median bulk density of 

the 10–20 cm is 28% higher compared to 0–10 cm. 
Combining both depth and land cover type, we notice a relatively 

higher change of bulk density due to change of depth in woodlands and 
grasslands compared to croplands (Fig. 4). In woodlands, the mean bulk 

Fig. 2. Bulk density distribution per soil depth for the common points. Vertical line represents the median and dot represents the mean.  

Fig. 3. Soil bulk density in three depths (0–10, 10–20, 20–30 cm) for a limited number of samples in Portugal.  
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density in 10–20 cm is 28% higher compared to the 0–10 cm while this 
increase is 11% in grasslands and 4% in croplands (Fig. 4). 

Focusing just on croplands, an analysis per category of crops showed 
that the bulk density is much higher in annual crops (1.28 g cm− 3) 
compared to permanent crops (1.2 g cm− 3) (Fig. 5). This implies that the 
soil disturbance is limited in the permanent crops compared to the 
annual crops. In the annual crops category, the root crops (e.g. sugar 
beets, potatoes) have the highest bulk density (1.32 g cm− 3) due to 
intensive tillage operations, heavy machinery trafficking and more 
disturbance. 

3.3. Mapping bulk density in the EU 

Using the advanced interpolated methods such as Cubist (Zhou et al., 
2019) (described in Section 2), we have developed the maps of bulk 
density at 100 m (Fig. 6; Fig. S2). The analysis below is derived from the 
raster map of bulk density. 

The mean bulk density for the 0–10 cm map in the EU is 0.97 g cm− 3 

with the 25th percentile at 0.76 g cm− 3, 50th percentile at 1.02 and the 
75th percentile at 1.2 g cm− 3. The 10–20 cm bulk density map has a 
mean of 1.08 g cm− 3 with the 25th percentile at 0.83 g cm− 3, 50th 
percentile at 1.11 and the 75th percentile at 1.23 g cm− 3. The corre
sponding values for the aggregated map at 0–20 cm are the averages of 
the two depths (Fig. 6). The mean bulk density in EU and UK for the 
0–20 cm is 1.03 g cm− 3 with 50th percentile at 1.06 g cm− 3. 

Arable lands have the highest mean bulk density ranging from 
1.22 g cm− 3 in 0–10 cm to 1.29 g cm− 3 in 10–20 cm. Permanent crops 

have slightly lower bulk density while heterogeneous agricultural areas 
(mixed cropland with pastures) range between 1.1 and 1.17 g cm− 3. 
Therefore, agricultural management (tillage, trafficking, induced 
disturbance) is influencing the bulk density and the soil compaction. The 
difference of bulk density between croplands and pastures is around 
0.17 g cm− 3 as also found in regional studies (Schneider and Don, 
2019). 

The disturbed soils (arable, permanent crops) have bulk densities in 
the range of 1.2–1.3 g cm− 3 while the woodlands have bulk densities in 
the range of 0.75–0.9 g cm− 3 (Fig. 7). The bulk density at 10–20 cm is 
5–10% higher compared to topsoil part of 0–10 cm (for all land cover 
categories) with the exception of woodlands where the difference is at 
20% (Fig. 7). Such a difference is also noticed when presenting the ratio 
of BD of the 10–20 cm compared to the upper layer (Fig. S3) as the areas 
dominated by woodlands have even 25% higher BD in 10–20 cm 
compared to the top layer. 

3.4. Performance of the spatial interpolation model 

The Cubist model was trained on 80% of the data, leaving 20% of the 
samples for cross-validation. The fitting was performed using an adap
tive resampling strategy to explore the better combination of Cubist 
tuneable parameters. The metrics used to select the best model were 
calculated through repeated (10 repeats) k-fold (6 folds) cross- 
validation. The best model was found to use 95 committees and 3 
neighbours with a k-fold R2 of 0.66 and RMSE of 0.20. Once fitted, the 
Cubist model is highly efficient in predicting bulk density values from 

Fig. 4. Bulk density per land cover type and depth (0–10 cm, 10–20 cm). The “n” on the top left represents the number of samples per land cover category, the line in 
the boxplot is the median value and the dot is the mean value. 
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ancillary data with an R2 of 0.96 for the training set and 0.64 for the 
validation set (Fig. 8). 

4. Discussion 

In this paper, we focus on a core method to extract bulk density 
involving extraction of soil samples, followed by sample mass determi
nation (weighting) and volume estimation. There are alternatives to the 
core method such as the three-dimensional scanning, the pedotransfer 
functions and gamma radiation (Throop et al., 2012). The advantage of 
the core method is the use of simple equipment which allows a massive 
elaboration for large number of cores (Throop and Archer, 2008). As a 
major drawback for this method, we refer to the small volumes collected 
(which may not be spatially representative of the location) and to the 
importance of coarse fragments (Vincent and Chadwick, 1994). 

4.1. Other factors related to bulk density 

Bulk density is also influenced by other factors such as tillage prac
tices, crop residues, livestock density, grazing, and rainfall (moisture). 

In intensively-managed pasture systems, severe animal treading (espe
cially in animal traffic and camp areas) increases soil compaction (De 
Rosa et al., 2020; Pulido et al., 2018). Soil compaction in pastures affects 
the soil bulk density, hydraulic conductivity, soil aeration, macropore 
volume, and penetration resistance of the soil (Hamza and Anderson, 
2005). 

In croplands, the tillage practices contribute to bulk density as con
servation tillage improves soil structure and has a reduced bulk density 
compared to conventional tillage in the topsoil layer. Those conclusions 
are derived from long-term experimental sites both in Romania (Topa 
et al., 2021) and in China (Gao et al., 2019) which also consider the 
positive effect of crop residues in reducing bulk density. Comparing “No 
tillage” and conventional tillage, the former had mixed effects on soil 
bulk density in a review of 62 studies (Blanco-Canqui and Ruis, 2018). 
Machinery trafficking has an important impact in soil structure and soil 
compaction in poorly drained soils (Bondi et al., 2021). 

As those information (tillage practices, crop residues, livestock 
density, grazing, and humus) are not available for the LUCAS sampling 
points, it is fairly difficult to correlate those factors with bulk density 
values in the present study. However, further research can address this 

Fig. 5. Mean bulk density (0–20 cm) per major crop categories. The “n” on the top left represents the number of samples per land cover category, the line in the 
boxplot is the median value and the dot is the mean value. 
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topic based on available local/regional data. 

4.2. Packing density as a proxy for soil compaction 

Bulk density is mainly driven by land cover type with croplands 
having the highest BD and woodlands the lowest in all depths. As the soil 
BD is the mass of dry soil per unit volume, then the relationship between 

soil compaction and its capacity to store and transport water or air is 
obvious (Hamza and Anderson, 2005). As the vertical stress in soils is 
part of modelled soil compaction, the bulk density can estimate this 
vertical stress to topsoil (Van den Akker, 2004). 

Soil compaction is a major threat to soils particularly in intensively 
agricultural systems. Soil compaction is known to reduce agricultural 
productivity, decrease crop yields, decrease water infiltration and 

Fig. 6. Bulk density map (100 m resolution) in the EU and UK (0–20 cm depth).  
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accelerate run-off and risk of soil erosion (Troldborg et al., 2013). 
Tractors with their wheel load, tyre type and inflation pressure increase 
soil bulk density (Horn et al., 2003) and play an important role in 
increasing soil compaction. Soil compaction alters soil structure by 
crushing aggregates and increasing bulk density and decreasing the 
coarser pores (Delgado et al., 2007). This leads to reduced permeability 
to water and increased runoff and erosion. In addition, compacted soils 
affected by wheel tracks would provoke the water to flow downslope, 
accelerating further land degradation (Ledermann et al., 2010). This 
would decrease crop growth and yield as nutrients are lost with runoff 
and roots cannot grow properly (Batey, 2009). Even soil compaction is a 
major threat in agricultural soils, there can be woodlands where animal 
trampling or vehicular traffic may increase soil compaction. 

We estimated the packing density (PD) using the Eq. 2 and as inputs 
the bulk density map (Fig. 6) and the clay content (Ballabio et al., 2016). 
Soils with high PD (>1.75 g cm− 3) are compacted and not susceptible to 
further compaction (Jones et al., 2003; Păltineanu et al., 2015). The 
medium compacted soils are found in the range of 1.40 g cm− 3 < PD <
1.75 g cm− 3 while the low compacted soils being vulnerable to loads are 
the ones with PD < 1.40 g cm− 3 (Jones et al., 2003; Păltineanu et al., 

2015). The major part of all lands (71.8%) are low compacted, the 2.2% 
is compacted and the rest 26% has a medium compaction (Fig. 9). In the 
arable lands, the dominant class is the medium compacted soils (58.7%) 
while the compacted ones are at 3.2% (Fig. 9; Fig. S4). 

Therefore, packing density can be used as a proxy for soil compaction 
identifying hotspots where soils are highly compacted. This correlation 
is also confirmed by experimental results as compacted soils had higher 
bulk soil tensile strength, higher bulk density and poorer fragmentation 
(Abdollahi et al., 2014). 

4.3. Comparison with pedo-transfer functions derived bulk density 

In the past, bulk density was estimated using an equation (pedo
transfer function) which included the packing density and clay content 
(Jones et al., 2003). Based on this equation, the bulk density was esti
mated for circa 20,000 points in the EU collected with the LUCAS 2009 
campaign. In a subsequent step, the estimated bulk density points were 
interpolated using the Multivariate Adaptive Regression Splines (MARS) 
in order to produce the bulk density map (Ballabio et al., 2016) (Fig. S5). 

According to this mapping exercise which used the Jones (2003) 

Fig. 7. Median (bars) and mean (dots) bulk densities per land cover type and soil depth. Data have been aggregated at regional level. The boxplot is the interquartile 
range (IQR) expressed as the difference between the 25th (Q1) and 75th percentiles (Q3); the bottom line is the result of the operation: Q1 - 1.5 * IQR and top line is 
the result of the operation: the Q3 + 1.5 * IQR. 

Fig. 8. Predicted vs observed bulk density plots for the different LUCAS sampling depths (0–10 cm, 10–20 cm and 20–30 cm) for the training set.  
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pedotransfer function, the mean bulk density is 1.21 g cm− 3 with 25th 
percentile at 1.08 g cm− 3 and the 75th percentile at 1.34 g cm− 3. 
Comparing the mean values per land cover type, the pedotransfer 
function derived bulk density map has similar averages to our new bulk 
density map (Fig. 6; Fig. 7) for arable lands, permanent crops, and 
heterogeneous agricultural areas (difference at 2–5%). However, the 
pedotransfer function derived map overestimates the bulk density on 

average at 40% for woodlands (Figs. S5) and 10% for pastures compared 
to the dataset which was derived based on measured LUCAS bulk density 
(Fig. 6). Therefore, countries with large proportion of woodlands 
(Sweden, Finland, Austria and Baltic States) have quite high biases in the 
bulk density estimates (Fig. S5). Also, the variability (expressed as 
standard deviation) was lower in the pedotransfer function derived map. 

We also compared the measured bulk density of agricultural soils 

Fig. 9. Packing density based on equation of Jones et al. (2003) and aggregated statistics.  
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with the estimated one based on pedotransfer functions (PTF) using as 
inputs texture and soil organic carbon (Hollis et al., 2012) (Fig. 10). 
Even if there was a large variability within the measured soil bulk 
density of LUCAS 2018 surveyed agricultural soils, the values predicted 
by the PTF aligned strongly with those measured in the LUCAS soil 
survey (Fig. 10a). On average the bulk density in arable lands is esti
mated 8% higher with the PTF (Hollis et al., 2012) compared to the 
measured BD (1.37 cm g− 3 vs. 1.26 cm g− 3). For woodlands, it is evident 
that the PTF overestimates the BD as most of the points are on the upper 
right part (Fig. 10b). The mean BD in woodlands estimated by the PTF is 
24% higher compared to the measured one (1.02 cm g− 3 vs. 
0.83 cm g− 3). The main reason for this systematic error is that the PTF 
considers organic carbon, clay and sand content which has as a conse
quence this overestimation in woodlands (Fig. 10b). 

To provide a comparison of the performances of the current assess
ment with past ones (Ballabio et al., 2016; Hengl et al., 2017; Poggio 
et al., 2021), four linear regression models were fitted using the LUCAS 
and World Soil Information Service (WoSIS) (Batjes et al., 2020) 
measured soil bulk density values as an independent variable. The 
comparison between measured and modelled BD (Fig. 11) graphically 
highlights how our new BD estimate outperforms (R-Squared) the other 
regional (Ballabio et al., 2016) and global (Hengl et al., 2017; Poggio 
et al., 2021) models. 

4.4. Uncertainties - Limitations 

The pan European assessment of bulk density does not challenge any 
local or regional assessment which have developed with higher density 
of analysed samples. We acknowledge that the LUCAS topsoil database 
of 6000 samples is limited for a pan European study but this is the most 
comprehensive EU survey till now. Some issues with non-accessibility of 
points did not allow to have a much higher number of samples for the 
analysis. Both the derived maps (bulk density in different depths and 
packing density) and the point data will become available in the Euro
pean Soil Data Centre for inter-comparison and further assessments. 

The sampling time is also an important factor which may add un
certainties to the bulk density values. The management practices of a 
farmer (tillage, harvesting) may influence the composition of the sample 
and the derived BD values. Also, in grasslands, the livestock density and 
grazing are important missing information for better interpreting bulk 

density in LUCAS. The size of the coring cylinder (rings) used, the 
operator experience, and in-situ soil moisture content significantly affect 
BD accuracy. 

4.5. Importance of bulk density for soil-related policies 

The new developments in the EU Green Deal have put soil protection 
in a high position in the EU policy agenda (Montanarella and Panagos, 
2021) and healthy soils are important to achieve climate neutrality, zero 
pollution, sustainable food provision and a resilient environment. Soil 
bulk density is of crucial importance to estimate carbon and nutrient 
stocks at local, regional, national and continental scale (Sequeira et al., 
2014). In addition, soil bulk density affects other soil properties such as 
porosity, soil moisture, water availability and hydraulic conductivity 
(Dam et al., 2005). 

Accurate monitoring of soil bulk density affects the amount of Soil 
Organic Carbon (SOC) that can be stored in soils and the potential SOC 
stock changes (Don et al., 2011). Bulk density is also an indicator of the 
soil structure as high bulk density could reduce water infiltration and 
limit plant growth (Topa et al., 2021). As the carbon-related policies in 
the EU (Fit for 55, Monitoring Reporting Verification for Carbon 
Removal Certification, LULUCF regulation, Soil Monitoring Law) aim to 
mitigate erosion and preserve soil health and carbon stocks, there is a 
need for better monitoring bulk density. It is also important to address 
future analysis of bulk density in horizons deeper than 30 cm depth as 
this can contribute to subsoil compaction and estimation of carbon 
sequestration in deeper soil horizons (Lorenz and Lal, 2005). 

As bulk density is a measured indicator which can contribute to the 
assessment of soil packing density and further of soil compaction, it is 
important to introduce management practices which reduce bulk den
sity in croplands. Therefore, cover crops and crop residues have a pos
itive effect in reducing bulk density in croplands (Chalise et al., 2019; 
Franzluebbers and Stuedemann, 2008). Other important management 
practices which can contribute to improvement of compacted soils are: 
minimal soil disturbance when soils are wet, reduce the number of trips 
across the field and use of low pressure tractor tyre (Bazzoffi et al., 
1998). 

Fig. 10. Comparison of LUCAS measured bulk density and the estimated one based on Pedotransfer functions (PTF) (Hollis et al., 2012) for arable lands (left) and 
woodlands (right). 
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4.6. Data availability 

The data and maps of bulk density for different depths (0–10 cm, 
10–20 cm and 0–20 cm) and the packing density map will be available 
in the European Soil Data Centre (ESDAC) (Panagos et al., 2022b). The 
bulk density point data have been released with the LUCAS 2018 data in 
summer 2022. 

5. Conclusions 

This is the first ever high resolution continental estimate of bulk 
density in two depths (0–10, 10–20 cm) using more than 6000 measured 
samples of LUCAS 2018 survey. Based on those measured data, the high 

resolution map at 100 m of bulk density in 0–10 cm, 10–20 cm and 
0–20 cm has been developed. The mapping results were very well 
compared with the point data. 

The bulk density dataset can be used as input to estimate the packing 
density which is a proxy of soil compaction. The bulk density map can be 
also a baseline to which future assessments can be also compared in 
order to estimate the vertical stress to soils. The main driver for bulk 
density variation is the land cover type and in cases of agricultural areas, 
the crop type. The mean soil bulk density for the depth 0–20 is 
1.01 g cm− 3 for all lands with high variability between different land 
uses. Arable lands have the highest mean BD at 1.26 g cm− 3, followed by 
permanent crops (BD= 1.23 g cm− 3), heterogeneous agricultural areas 
(BD= 1.14 g cm− 3), pastures (BD= 1.08 g cm− 3), shrublands (BD=

Fig. 11. Comparison of predicted vs measured bulk density (g cm− 3) for the three previous (A - Ballabio et al. 2016; B - Hengl et al. 2017; C - Poggio et al. (2022)) 
and the (D) presented assessment. 
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1.01 g cm− 3) and woodlands (BD= 0.84 g cm− 3). Trafficking, land use 
and management practices have such an important impact in bulk 
density as arable lands have almost 1.5 times higher BD compared to 
woodlands (mainly undisturbed soils). 

Compared to past estimates of bulk density which were based on 
pedotransfer rules, we found an overestimation of bulk density in 
woodlands (~25%) compared to the measured bulk density in LUCAS 
2018 survey. This could have an important implication in estimating 
and reporting the carbon and nutrient stocks in forests. 
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