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A B S T R A C T   

Milder winters and extended wetter periods in spring and autumn limit the amount of time available for carrying 
out ground-based forest operations on soils with satisfactory bearing capacity. Thus, damage to soil in form of 
compaction and displacement is reported to be becoming more widespread. The prediction of trafficability has 
become one of the most central issues in planning of mechanized harvesting operations. 

The work presented looks at methods to model field measured spatio-temporal variations of soil moisture 
content (SMC, [%vol]) – a crucial factor for soil strength and thus trafficability. We incorporated large-scaled 
maps of soil characteristics, high-resolution topographic information – depth-to-water (DTW) and topographic 
wetness index – and openly available temporal soil moisture retrievals provided by the NASA Soil Moisture 
Active Passive mission. Time-series measurements of SMC were captured at six study sites across Europe. These 
data were then used to develop linear models, a generalized additive model, and the machine learning algorithms 
Random Forest (RF) and eXtreme Gradient Boosting (XGB). The models were trained on a randomly selected 10% 
subset of the dataset. 

Predictions of SMC made with RF and XGB attained the highest R2 values of 0.49 and 0.51, respectively, 
calculated on the remaining 90% test set. This corresponds to a major increase in predictive performance, 
compared to basic DTW maps (R2 

= 0.022). Accordingly, the quality for predicting wet soils was increased by 
49% when XGB was applied (Matthews correlation coefficient = 0.45). 

We demonstrated how open access data can be used to clearly improve the prediction of SMC and enable 
adequate trafficability mappings with high spatial and temporal resolution. Spatio-temporal modelling could 
contribute to sustainable forest management.   

1. Introduction 

Topography-derived modelling, based on digital elevation models 
presents a plethora of potential applications to the forestry industry. For 
example, Echiverri and Ellen Macdonald (2020) detected forest specific 
responses between species richness and a cartographic wetness index, 
Oltean et al. (2016) delineated drought-prone areas through moisture 
modelling, while Jones and Arp (2019) demonstrated the relationship 

between predicted soil moisture and soil strength. Specifically, accurate 
information of soil strength is one of the most significant parameters in 
ground-based forest operations. Predictions of soil strength are subse
quently sought by forest managers, motivated by practical needs to 
enable efficient and environmentally sound forest operations (Akumu 
et al., 2019). 

The use of modern forest machines has facilitated major improve
ments in work safety and efficiency. To improve production efficiency, 
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nibio.no (R. Astrup), dariusz_pszenny@sggw.edu.pl (D. Pszenny), harri.lindeman@luke.fi (H. Lindeman), dirk.jaeger@uni-goettingen.de (D. Jaeger).  

Contents lists available at ScienceDirect 

International Journal of Applied Earth  
Observations and Geoinformation 

journal homepage: www.elsevier.com/locate/jag 

https://doi.org/10.1016/j.jag.2022.102730 
Received 15 November 2021; Received in revised form 5 February 2022; Accepted 17 February 2022   

mailto:marian.schoenauer@uni-goettingen.de
mailto:robert.prinz@luke.fi
mailto:kari.vaatainen@luke.fi
mailto:rasmus.astrup@nibio.no
mailto:rasmus.astrup@nibio.no
mailto:dariusz_pszenny@sggw.edu.pl
mailto:harri.lindeman@luke.fi
mailto:dirk.jaeger@uni-goettingen.de
https://www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2022.102730
https://doi.org/10.1016/j.jag.2022.102730
https://doi.org/10.1016/j.jag.2022.102730
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2022.102730&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


International Journal of Applied Earth Observation and Geoinformation 108 (2022) 102730

2

the weight of forest machines has steadily increased over the last de
cades (Nordfjell et al., 2019). To counter the increased weight, machine 
manufactures have improved machine designs with features such as 
additional axles, with improved tires and tracks that all reduce ground 
pressure (e.g. Bygdén et al., 2003; Ala-Ilomäki et al., 2021). Yet, forest 
operations are still frequently associated with severe soil impacts, 
particularly on sites with high soil moisture content. Since the bearing 
capacity of wet soils is often too low to withstand the forces exerted by 
forest machines, traffic can result in soil disturbance, such as displace
ment and compaction and the creation of deep ruts (Ampoorter et al., 
2012; Poltorak et al., 2018). These physical impacts can initiate negative 
consequences for water and gas permeability, soil fauna and biota, tree 
regeneration, and plant growth in general (Crawford et al., 2021). 

Knowledge of time periods with best trafficability characteristics for 
a specific location is an important information criterion for efficient 
operational planning (Vega-Nieva et al., 2009; Mattila and Tokola, 
2019; Picchio et al., 2020). Using detailed spatio-temporal information 
about soil moisture and soil trafficability allows for better planning of 
machine and work resources, to enable environmentally sound forest 
operations with less impact on the site. In return, this would improve 
machine productivity with less delays and well-informed production 
estimates along the supply chain for improved scheduling of subsequent 
logistical processes. 

Topographic modelling of wet areas has been suggested as a poten
tial solution to predict trafficability on forest sites. The depth-to-water 
(DTW) concept (Murphy et al., 2009) and the topographic wetness 
index (TWI, Sørensen et al., 2006) consider upstream contributing areas 
in order to calculate indices which allow for soil moisture estimates. 
Whereas TWI reveals an unique map for all conditions, DTW can be used 
to create different map-scenarios, aiming towards a representation of 
overall moisture conditions on sites. However, the ability of DTW map- 
scenarios to represent moisture conditions was not confirmed by 
Schönauer et al. (2021). 

Literature highlights that temporal variations of soil moisture can be 
derived from a wide variety of approaches and data sources (Li et al., 
2021). Launiainen et al. (2019) described a method, where the influence 
of topography, soil, and vegetation was considered to model water 
discharge of forest stands. Daily grids of soil moisture are provided for 
all of Germany (Samaniego et al., 2010), with the focus of drought 
monitoring for agricultural purposes. The Soil Moisture Active Passive 
mission (SMAP, Reichle et al., 2020a), run by NASA, uses radar and 
radiometers to globally map soil moisture, and makes the resultant 
three-hourly retrievals, with a spatial resolution of 9 by 9 km, openly 
accessible. However, the coarse resolution of such data does not allow 
for a direct implementation in forest management. So far, neither 
remotely-sensed nor hydrologically modelled information of soil mois
ture has been merged with high-resolution topographic indices for 
predicting soil moisture on forest sites. 

Machine learning (ML) algorithms have been repeatedly used for 
mapping soil properties (e.g. Keskin et al., 2019 and Baltensweiler et al., 
2021), and soil moisture (Ågren et al., 2021). Yet, ML approaches were 
commonly trained on a relatively large portion of data, and validated on 
a relatively small testing set. Challenges related to the successful 
implementation of ML for enhanced forest management lie in the limited 
data availability. Extensive efforts are needed for in-field measurements, 
which in-turn do not allow for predictive systems with high input data 
demands. 

In this work we investigated the possibility of creating a model which 
incorporates high-resolution topographic indices, openly available soil 
parameters, and remotely sensed soil moisture retrievals in order to 
predict spatio-temporal variability of in-field measured soil moisture. In 
particular, we wanted to assess  

⋅ the possibility to achieve spatio-temporal modelling of soil moisture 
by merging spatial data with daily updated remote sensing products,  

⋅ the performance of selected ML algorithms, and  

⋅ the performance and adaptability (generalizability) of models, which 
were trained on only a few in-field measured observations, but were 
used to predict temporally varying soil moisture over large areas. 

2. Material and methods 

Soil moisture was measured in a time-series fashion on six different 
forest sites, merged with other data sources, and modelled using four 
statistical methods. The models were tuned by a cross-validation on an 
80% partition of the data. Then, generalizability of the models was 
assessed by restricting the training to a 10% set, and validating the 
models on the remaining 90% test set. 

2.1. In-field measured soil moisture content (SMC) 

The response variable to be modelled, SMC [%vol], was measured 
with a capacitive soil moisture meter (HH-2 moisture meter, Delta-T 
Devices Ltd, England), on forest sites in Finland, Germany and Poland, 
along 23 measuring transects, with 21 measuring points per transect (see 
Schönauer et al. (2021) for site characteristics and the common mea
surement protocol). It was observed that the moisture measurements 
tended to overestimate SMC of relatively wet soils. Therefore, values 
above water saturation were cut off, and the texture-specific water 
saturation was assigned (see Schönauer et al. (2021) for details about 
soil sampling and definition of saturation). Measurements were repeated 
monthly, executing 6 field campaigns in Finland, 11 in Germany and 10 
in Poland, between September 2019 and November 2020, resulting in 
2,954 observations measured on 483 positions. 

Since the susceptibility towards soil displacement increases consid
erably above a certain threshold of moisture (McNabb et al., 2001; 
Poltorak et al., 2018), values of SMC were also transformed into a binary 
variable, where texture-specific field capacity was considered to classify 
wet and non-wet values. The field capacity was defined at 1.9 pF matrix 
potential, resulting in SMC-thresholds of 35 %vol for data measured on 
Finnish study sites, 42 %vol on German sites and 19 %vol on Polish sites. 

2.2. Spatial and temporal predictor variables 

2.2.1. European Soil Database 
The European Commission - Joint Research Centre (2004) provides a 

harmonized soil database for Europe (ESDB) at a scale of 1:1,000,000. 
Herein, maps of the main soil classification, following the World 
Reference Base (IUSS Working Group WRB, 2015), and several addi
tional variables (see Supplementary Information S1, European Com
mission and the European Soil Bureau Network, 2004) were extracted at 
each measuring point and added as attributes. 

2.2.2. Topographic indices 
Two topographic indices, depth-to-water (DTW) and topographic 

wetness index (TWI), were calculated for the study sites in each 
participating country, based on digital elevation models with high 
spatial resolution, as available from the National Land Survey of Finland 
(2 by 2 m), Bezirksregierung Köln (2020), Germany, 1 by 1 m) and the 
Head Office of Geodesy and Cartography (Poland, 1 by 1 m). 

A DTW map was calculated, following the procedure described by 
Schönauer and Maack (2021). A flow initiation area of 4.00 ha was used. 
Values of this map were extracted at the measuring positions and saved 
as new variable DTW4 [m]. 

We also calculated a topographic wetness index as defined by 
Sørensen et al. (2006), and extracted values at each measuring position 
(TWI, dimensionless). Therefore, digital elevation models were resam
pled to obtain a lower spatial resolution of 5 by 5 m to achieve robust 
values (Southee et al., 2012). Afterwards, the function ‘r.watershed’ of 
the free toolbox GRASS GIS (Awaida and Westervelt, 2020) was run, 
creating the TWI map as an output. 
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2.2.3. Soil Moisture Active Passive mission (SMAP) 
SMAP (Reichle et al., 2020a), provides soil moisture data across the 

globe. SMAP was launched in January 2015. Ever since, it has generated 
global information about surface and subsurface soil moisture, provided 
at a spatial resolution of 9 by 9 km. The captured brightness, and 
backscatter cross-section of the earths’ surface is used to determine soil 
moisture, including corrections for vegetation and surface roughness 
(Entekhabi et al., 2014). 

Global grids of surface soil moisture (SMAP L4, Version 5, format: 
HDF5) were downloaded for each measuring day in the study period. 
The grids were transformed into a raster stack (see Schönauer (2022) for 
details), containing one layer for each measuring day. Subsequently, the 
raster stack was used to extract values of surface soil moisture at the 
locations of the study sites, for each measuring day. These values were 
assigned to the corresponding measuring campaigns and saved as a new 
variable SSMSMAP [%vol]. By this we incorporated a temporal compo
nent, which allowed for the spatio-temporal modelling. 

Soil constants provided by the SMAP mission allow for a further 
interpretation of geophysical fields. Several numerical and categorical 
parameters, as available from SMAP “land model constants” were 
included (see Supplementary Information S2, Reichle et al., 2020b) as 
predictor variables for the proposed modelling approach. 

2.3. Data analyses 

Data were merged and analysed using the free software language R 
(R Core Team, 2020), interfaced with Rstudio (version 1.4.1103, 

RStudio, PBC, Boston, MA). Pre-processing of the predictor variables 
was performed (Fig. 1): the strongly skewed predictor DTW4 was 
transformed by natural logarithm, after adding a value of 0.01, since 
zero-values were present. Subsequently, a linear min–max-normaliza
tion (between 0 and 1) of all numerical predictors was performed (R 
library: “caret”, Kuhn, 2020). The high amount of > 100 predictor 
variables was checked for identifying characteristics (e.g. sample 
numbers in ESDB), co-variation, redundancy, and the number of factor 
levels being greater than one. The data used for modelling was thereby 
reduced to 54 predictor variables, which consisted of SSMSMAP, DTW4, 
TWI, several land model constants (SMAP), and soil properties (ESDB). 

2.3.1. Data partitioning 
For modelling, the full dataset was portioned into training and 

validation data in two different ways (Fig. 1, Table 1): (1) Part80-20: 
80% of the measuring positions were selected to define the training set, 
using the factor ‘study site’ as an attempt to balance the class distribu
tions within the splits. The remaining 20% were kept aside as a test set. 
(2) Part10-90: To assess generalizability of models, a second and indi
vidual partition was created, consisting of observations measured on 49 
out of 483 measuring positions in the training set, and the data measured 
on the remaining 434 positions kept aside as a testing set. We decided to 
randomly select measuring positions (instead of selecting from all ob
servations) for splitting the data, in order to avoid temporal 
autocorrelation. 

Fig. 1. Soil moisture was measured in a time-series fashion on six forest sites, merged with other data sources, and modelled using different statistical methods. A 
two-step modelling was conducted, in order to test generalizability of the models when predictions were made for the 90% test set. 
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2.3.2. Basic predictions by the topographic indices 
Simple linear models were fitted to carry out regressions between 

SMC ~ DTW4 or TWI. This was done to calculate the coefficient of 
determination (R2, equation (1)), with the inclusion of model intercepts. 
For predictions derived from DTW4, Matthews (1975) correlation co
efficient (MCC, equation (2)) and accuracy of predictions (ACC, equa
tion (3)) were calculated based on the created confusion matrix 
(Table 2). 

2.3.3. Model building and tuning 
Based on existing studies that modelled spatial aspects of soil prop

erties (Hengl et al., 2018; Ågren et al., 2021; Baltensweiler et al., 2021), 
four statistical modelling approaches to test in this study were identified: 
a generalized linear model, an additive model, and two ML algorithms. 

As a first step, ‘full’ models, consisting of 54 predictor variables of 
the 80% training dataset, were reduced, until a decrease of goodness-of- 
fit (>1%) occurred. Then, the tuning of the reduced models was per
formed through a 10-fold cross-validation (R library: “caret”, Kuhn, 
2020), aimed at attaining the highest possible of R2, calculated on the 
10th chunks of the cross-validation. 

Afterwards, the hyperparameters determined through the cross- 
validation (on the 80% training dataset) were used to build new 
models based on the 10% training set (Fig. 1). Validation of the reduced 
and tuned models was performed on the unseen testing datasets, either 
comprising of 20% or 90% of the entire dataset, respectively. 

The models were used to calculate raster predictions of SMC, pos
sessing a spatial resolution of the used digital elevation models (1 by 1 m 
for the sites in Germany and Poland, 2 by 2 m for the Finnish sites). 
These rasters were evaluated with respect to the reasonability of the 
predicted outputs. 

2.3.3.1. Generalized linear model with stepwise feature selection (GLM). 
The goal of a GLM is to select predictors that fit the response variable 
well (library: “MASS”, Venables and Ripley, 2002). To reduce the full 
model to important predictors only, Akaike’s information criterion was 
assessed step-wise throughout the iterative variable selection procedure. 
The reduced model of the GLM included SSMSMAP, DTW4, TWI, 
clsm_poros, clsm_veghght, clsm_cdcr2 and clsm_dzpr (Supplemen
tary Information S2) as predictor variables. These variables were used to 
fit models to both training datasets, and make predictions on the 

corresponding testing datasets. 

2.3.3.2. Generalized additive model with loess function (GAM). The GAM 
is a generalized linear model in which the response is fitted to pre
dictions made with a loess smooth function (R library: “gam”, Hastie, 
2020). Thereby, GAM can cope with non-linear responses. For model 
tuning, a span between 5 and 50 was considered for the predictors 
already selected (Section 2.3.3.1). 

2.3.3.3. Random forest (RF). The RF model is a tree-based learner, 
which randomly partitions the data into nodes, aiming to maximize the 
within-node homogeneity and the between-node heterogeneity (Brei
man, 2001). The feature reduction was run with default settings (R li
brary: “ranger”, Wright and Ziegler, 2017, minnodesize = 5, mtry=⌊ ̅̅̅p√ ⌋, 
where p is the number of predictor variables), executing a stepwise 
recursive elimination of the least important predictors, where five pre
dictors were removed at once. The reduced model included SSMSMAP, 
DTW4, TWI, and PARMADO, and possessed the highest out-of-bag 
variation explained by predictions. Using these predictor variables, 
values of mtry between 1 and p, and minnodesize from 1 to 10 were 
considered for the tuning. 

2.3.3.4. Extreme gradient boosting (XGB). The XGB mostly combines a 
number of regression trees and uses optimized distributed gradient 
boosting – an iterative way of putting more weight on large pseudo- 
residuals (R library: “xgboost”, Chen et al., 2021). The full XGB model 
was built using a random setting of hyperparameters. Thereafter, the 
four most important predictors, SSMSMAP, DTW4, TWI, and clsm_dzpr 
were used for further tunings, following the procedure described by 
Ågren et al. (2021). Yet, hyperparameters were confined to conservative 
ranges: maxdepth = 2, 3 and 4, eta = 0.05, 0.10 and 0.15, ratedrop and 
skipdrop = 0.25, 0.50 and 0.75, minchildweight = 10, 20 and 30, gamma =
0.8, 0.9 and 1. 

2.3.4. Evaluating predictive performance 
For reducing the full models to reduced/final models, and for the 

comparison of such to each other, goodness-of-fit was assessed. There
fore, differences between observed and predicted values, were consid
ered to calculate R2 (equation (1)). With observed values yi, predicted 
values ŷi, mean values of observed values y, for i observations: 

R2 = 1 −
∑

i(yi − ŷi)
2

∑
i(yi − y)2 (1) 

Matthews correlation coefficient (MCC, equation (2)), and accuracy 
of predictions (ACC, equation (3)) were calculated on a confusion matrix 
between predicted and measured values (Table 2). Therefore, binaries of 
measured and predicted SMC were compared, after adding a constant of 
5 %vol to model-derived predictions and applying the same texture 
specific thresholds. 

MCC =
TP*TN − FP*FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√ (2)  

ACC =
TP + TN

TP + TN + FP + FN
(3)  

3. Results 

Overall moisture conditions clearly differed between the three 
countries with mean values of 14.0 %vol measured in Poland, 29.3 %vol 
measured in Finland, and 30.3 %vol measured on German study sites. 
Eleven consecutive measuring campaigns were conducted in Germany, 
resulting in mean values per measuring day and site ranging from 13.6 
%vol to 44.1 %vol (Fig. 2). Lower extents of campaign-to-campaign 
variation could be observed on Finnish and Polish study sites, where 

Table 1 
Amount of data used for a two-step model training and testing. Data originating 
from 80% or 10% of the measuring positions were used for training, whereas the 
remaining parts were used for model validations.   

Part80-20 Part10-90 

Site training testing training testing 

Eno 396 108 36 468 
Onttola 414 90 66 438 
Neheim 748 176 99 825 
Obereimer 536 135 64 608 
POL_North 130 20 10 140 
POL_South 140 60 20 180  

Table 2 
Two confusion matrices were created, by comparing the occurrence of binary 
values of in-field measured soil moisture content SMC to depth-to-water values 
(DTW4) or predicted values of SMC (after adding a constant of 5 %vol). The 
thresholds for the two levels of SMC were 35 %vol (Finland), 42 %vol (Germany) 
and 19 %vol (Poland).  

Classification abbr. measured SMC predicted SMC+ 5 DTW4 [m] 

true positive TP wet wet <1 
true negative TN non-wet non-wet ≥1 
false positive FP non-wet wet <1 
false negative FN wet non-wet ≥1  
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means ranged between 21.9 %vol and 38.4 %vol, and 5.3 %vol and 21.1 
%vol, respectively. Overall, SSMSMAP was in relatively close alignment 
with mean values of SMC in most of the study sites, except in ‘POL_
South’ (Fig. 2). 

3.1. Prediction of SMC 

Simple linear models were used to compare SMC and TWI of the 80% 
training dataset, indicating a significant correlation (p < 0.001), but a 
high proportion of variation was unexplained (R2 = 0.049). Another 
linear model was fitted to SMC and DTW4 of the 80% training dataset, 
revealing a significant correlation between the two variables (p <
0.001). The goodness-of-fit of DTW4 derived predictions of SMC was 
different between the measuring sites, with R2 = 0.16 when only the 
Finnish data was considered, and R2 = 0.42 for Polish data. Yet, the 
over-representation of German data (Table 1), where R2 was 0.019, as 
well as site-specific intercepts resulted in an overall R2 = 0.022 for the 
80% training dataset (Fig. 3A). 

Ideally, all wet values would coincide with DTW4 < 1 m (Table 2). 
The actual occurrence of wet values was correctly predicted by DTW4 
for 38% of observations (=TP/(TP + FN), Table 3), participating to a 

total MCC = 0.30 (Fig. 4A). 
The ability to explain the goodness-of-fit was clearly improved when 

applying more predictor variables to the XGB and RF modelling ap
proaches, compared to basic DTW4 predictions. R2 calculated by the 
cross-validation ranged between 0.43 (GLM) and 0.80 (XGB, RF) 

Fig. 2. Soil moisture content (SMC) measured on six sites in three countries (FINland, GERmany, POLand), in a time series fashion (year-month). Black dots show 
mean values of SMC for each site and day of measurement; the shading indicates the corresponding standard deviation. Red dots indicate remotely-sensed surface soil 
moisture (SSMSMAP), as available from the Soil Moisture Active Passive mission. 

Fig. 3. Soil moisture on sites in FINland, GERmany and POLand was predicted by depth-to-water maps (DTW) and spatio-temporal models using several predictor 
variables: general additive model (GAM), a generalized linear model (GLM), random forest (RF) and extreme gradient boosting (XGB). R2 (equation (1)) was 
calculated for the 80% training dataset (A), a 10% training dataset (B), and the remaining test sets of 20% and 90%, respectively. 

Table 3 
Confusion matrix of true positives (TP), true negatives (TN), false positives (FP) 
and false negatives (FN), representing wet (Positive) and dry (Negative) mea
surements predicted by depth-to-water maps (DTW), and spatio-temporal 
models based on several predictors: generalized linear model (GLM), general
ized additive model (GAM), random forest model (RF) and extreme gradient 
boosting (XGB).   

Classes of confusion matrix 

Prediction TP TN FP FN 

DTW 274 1713 2230 442 
GLM 459 1522 421 257 
GAM 462 1521 422 254 
RF 494 1488 455 222 
XGB 530 1446 497 186  
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(Fig. 3A). When trained on the 80% dataset, the two ML algorithms RF 
and XGB revealed similar predictions of SMC, with a tendency towards 
higher R2 for the training dataset, compared to the test dataset. When 
the model training was performed on the 10% set, minor differences 
occurred between the RF and XGB (Fig. 3B). When applied to the 90% 
test dataset of German sites, robust predictions were derived from the 
GLM (Fig. 4B) and GAM, with R2 equal 0.44 and 0.45, respectively. 
However, significantly lower R2-values were observed for the remaining 
observations made in Finland and Poland (Fig. 3B). 

The methods RF (ntrees = 500, mtry = 2, minnodesize = 2) and XGB 
(nrounds = 500, eta = 0.10, maxdepth = 4, gamma = 1, colsamplebytree =

0.50, minchildweight = 5, ratedrop = 0.25, skipdrop = 0.75, subsample = 0.5) 
were applied to the predictor variables SSMSMAP, TWI, DTW4 and either 
PARMADO or clsm_dzpr, respectively. For both models, SSMSMAP was 
the most important predictor, followed by the two topographic indices 
and one soil parameter. In effect, the soil parameter acted as a grouping 
variable, since unique values were present for each participating country 
(PARMADO, i.e. dominant parent material, derived from ESDB), or site 
(clsm_dzpr, i.e. thickness of profile soil moisture layer, derived from 
SMAP). Based on these predictors, RF and XGB models were trained on 

the 10% dataset and validated on the 90% test dataset (Fig. 4C), 
resulting in SMC predictions with an overall R2 = 0.49 for both models – 
a significant increase compared to the simple linear model with DTW4 as 
independent variable (R2 = 0.022). Accordingly, MCC was increased by 
approximately 49%, from 0.30 (DTW4), to 0.40 (GLM) and 0.45 (XGB), 
calculated on the 90% test dataset. 

4. Discussion 

In the present study, we illustrated how spatio-temporal variation in 
soil moisture can be predicted and hence serve as an important tool for 
reduced soil impacts in forest operations. For several decades, topog
raphy derived indices have been developed, aimed at supporting low- 
impact forest operations through predictions of soil moisture across 
large landscapes, with low demands of input data. An example of such 
an index is DTW, introduced by Murphy et al. (2009), who intended to 
simulate overall moisture conditions by different map-scenarios. This 
concept was motivated by the urgent need of forest managers for dy
namic predictions (Akumu et al., 2019), yet the ability of representing 
seasonal moisture conditions by DTW map-scenarios was not confirmed 

Fig. 4. Soil moisture content (SMC) was measured on forest sites in FINland, GERmany and POLand. The values were compared to depth-to-water (DTW) values (A). 
A generalized linear model (GLM, B) was fitted, and the machine learning algorithm extreme gradient boosting (XGB, C) was trained on a 10% subset of data, and 
used to predict SMC of the remaining 90%. Colouring indicates remotely sensed surface soil moisture (SSMSMAP). With regression equations, R2, MCC and ACC, 
according to equations (1), (2) and (3). 
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in a recent study (Schönauer et al., 2021). The latter showed, that one 
map-scenario resulted in the highest predictive performance on a given 
site, across several seasonal conditions. In agreement, Ågren et al. 
(2014) and Mohtashami et al. (2017) showed, how differently calcu
lated map-scenarios led to enhanced predictive performances on 
different sites. These predictions were driven by diverse soil-related, 
geomorphological and climatic influences on water accumulation on 
sites. 

The complexity of temporal variations of moisture and spatial vari
ations of soil characteristics, can be captured by ML approaches, which 
are designed to make predictions for complex phenomena with many 
interactions (Heung et al., 2016). Current research demonstrated and 
corroborated the potential of such methods for mappings of soil carbon 
content (e.g. Keskin et al., 2019), diverse soil characteristics (e.g. Bal
tensweiler et al., 2021), and for creating static moisture maps in Sweden 
(Lidberg et al., 2020; Ågren et al., 2021). Although temporary, dynamic 
maps of soil moisture have been made available by different sources (Li 
et al., 2021), but the low spatial resolution (e.g. 9 by 9 km, SMAP) of 
such would not allow for direct utilization for forest operations (Zeng 
et al., 2019). In this work, we demonstrated how low-resolution SMAP 
grids were merged with high-resolution DTW and TWI maps, resulting in 
a high-resolution spatio-temporal prediction of SMC (1 by 1 m on sites in 
Germany and Poland, 2 by 2 m on Finnish sites) on different sites in 
Europe – a system which could gain value for sustainable forest man
agement, currently challenged by increases in climatic variability and 
less favourable operational conditions (Pfeifer et al., 2021). Among the 
investigated modelling approaches, best predictive performance was 
attained by two investigated machine learning algorithms. Both models 
can be used to create maps of SMC on a daily basis (Fig. 5). 

Although the performance of ML models deeply relies upon the 

quality and quantity of input data used for training (Heung et al., 2016), 
a system for trafficability prediction should work on low quantities of 
input data – an inevitable prerequisite for achieving a practical appli
cation to enable day-to-day support for forest management over large 
areas. Therefore, we assessed the predictive ability of the models, when 
only limited input data was selected for model training. In a separate 
mode of modelling, the training set was confined to data captured on 
only 10% of the measuring points to avoid auto-correlation between 
repeated measurements made on identical measuring positions. The 
validation of the trained models on the remaining 90% test dataset 
revealed a reduction in predictive performance compared to the 20% 
test dataset. When XGB was applied, R2-values of 0.25 and 0.45, were 
reached on sites in Poland, and Finland and Germany, respectively 
(Fig. 4). This corresponds to a more than 3-fold increase in R2 for Finnish 
data, a 39%-decrease for the data measured in Poland, and an almost 14- 
fold increase for the data measured on German sites, compared to basic 
DTW predictions. The improvements of predictive performance within 
the data from Germany can be partly explained by the clear influence of 
SSMSMAP within the ML models (Fig. 4). On German sites, the highest 
variations of SMC between the measuring days occurred – a vector that 
was adequately reflected by SSMSMAP (Fig. 2). 

Accordingly, MCC, an informative and truthful indicator for the 
assessment of classifications (Powers, 2011) was increased from 0.30 
(binary values of DTW4) to 0.44 (XGB). It has to be noted though, that a 
constant of 5 %vol was added to the model-derived predictions before 
classifying the predicted values of SMC into wet and non-wet. We 
assumed, that the underrepresentation of wet values, which accounted 
for 36% of the entire dataset, led to an underestimation of such. Yet, 
after adjusting the predictions, 74% of wet values were predicted 
correctly (Table 3) – a considerable improvement compared to basic 

Fig. 5. A spatio-temporal modelling of soil moisture content (SMC) was achieved by merging spatial and temporal information, and the application of the machine 
learning algorithm extreme gradient boosting (XGB). Remotely sensed soil moisture (SSMSMAP), two topographic indices, based on digital elevation models (DEM), 
and large-scaled soil properties were used. The maps show a shaded DEM and the coloured predictions highlight the extent of wet soils (SMC ≥ 35 %vol). 
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DTW predictions. 
Only a few predictor variables were sufficient to explain a large share 

of the variation in SMC. The initially large number of predictors was 
reduced to four predictors, consisting of SSMSMAP, DTW4, TWI and one 
soil parameter, either derived from the land model constants from SMAP 
(clsm_dzpr), or the ESDB (PARMADO). It was decided to include DTW 
maps calculated with a flow initiation area of 4.00 ha (Jones and Arp, 
2019), based on three arguments: (I) DTW values from different map- 
scenarios were partially autocorrelated, (II) since the measuring tran
sects were specifically located on DTW gradients (see Schönauer et al. 
(2021) for details), only DTW4 comprised of topographic gradients be
tween the transects. When a DTW map-scenario for moister conditions 
was chosen, all transects would show zero-values in the centre with 
similar increases of DTW at the outer parts of each transect. (III) 
Although high explanatory power was reached when including different 
DTW map-scenarios, raster predictions made with such models led to 
unreasonable maps – an aspect which has to be accounted for when 
modifying the predictors (Meyer et al., 2019). When two or more DTW 
map-scenarios were included, chequered patterns were observed in the 
grid predictions made, an indicator for overfitting caused by repeated 
use of similar predictors and spatial autocorrelation (Nussbaum et al., 
2018). 

Data used for the developed modelling was openly accessible, 
allowing for a spatio-temporal prediction of SMC in all regions where 
high-resolution DEMs are available. The validation performed here was 
limited to six selected sites. However, on each site only a few repeated 
measurements (in this case, 10 to 99) were required to predict a total of 
2,660 values of SMC, covering a time span of more than a year. It would 
be possible to consolidate moisture data of different origins, more ac
curate soil mappings and weather data to extend SMC predictions to a 
wide range of landscapes and seasons. Applications of created prediction 
maps could be manifold, including a potential utilization for modelling 
forest growth, agricultural purposes, drought monitoring and irrigation 
scheduling (Li et al., 2021). In the field of forest operations, accurate 
spatio-temporal predictions can support mitigating measures, and 
thereby enhance environmentally sound and economically efficient 
forestry practices as a whole. 

5. Conclusion 

This study showed a successful prediction of SMC values at six study 
sites in Europe. Through the utilization of machine learning, site-specific 
and non-linear effects on SMC could be captured, setting a direction for 
further solutions towards a large-scaled, temporal and precise support 
for harvesting operations. The freely available data, provided by the 
SMAP mission, showed to be an adequate proxy to be used for pre
dictions of SMC. The variable SSMSMAP strongly contributed to model 
SMC with the XGB and RF algorithms, along with the topography-based 
DTW4 and TWI and the one soil parameter. Applying the XGB resulted in 
MCC of 0.45, with 74% of wet values predicted correctly, and R2 of 0.51 
– a significant improvement compared to basic DTW4 derived pre
dictions, where MCC was 0.30 (38% of wet values predicted correctly), 
and R2 was 0.022. A 10% subset of the entire data was sufficient to 
predict the remaining 90%, corresponding to 10 to 99 in-field mea
surements necessary per site. A low demand of input data might be a 
crucial prerequisite to achieve a modelling approach which can be 
applied for day-to-day forest management. We are confident though, 
that increasing possibilities in modelling spatio-temporal dynamics of 
soil moisture, innovative and interactive sensor networks and more than 
anything, increasing amounts of field data, will enable further de
velopments towards accurate predictive systems which support year- 
round timber mobilization with lower environmental impacts. 
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