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A B S T R A C T   

The continual increase of shrub forest in the Swiss Alps over the past few decades impacts biodiversity, forest 
succession and the protective function of forests. Therefore, up-to-date and area-wide information on its dis-
tribution is of great interest. To detect the shrub forest areas for the whole of Switzerland (41,285 km2), we 
developed an approach that uses Random Forest (RF), bias correction techniques and data from multiple remote 
sensing sources. Manual aerial orthoimage interpretation of shrub forest areas was conducted in a non- 
probabilistic way to derive initial training data. The multi-sensor and open access predictor data included dig-
ital terrain and vegetation height models obtained from Airborne Laser Scanning (ALS) and stereo-imagery, as 
well as Synthetic Aperture Radar (SAR) backscatter from Sentinel-1 and multispectral imagery from Sentinel-2. 
To mitigate the expected bias due to the training data sampling strategy, two techniques using RF probability 
estimates were tested to improve mapping accuracy. 1) an iterative and semi-automated active learning tech-
nique was used to generate further training data and 2) threshold-moving related object growing was applied. 
Both techniques facilitated the production of a shrub forest map for the whole of Switzerland at a spatial res-
olution of 10 m. An accuracy assessment was performed using independent data covering 7640 regularly 
distributed National Forest Inventory (NFI) plots. We observed the influence of the bias correction techniques 
and found higher accuracies after each performed iteration. The Mean Absolute Error (MAE) for the predicted 
shrub forest proportion was reduced from 6.04% to 2.68% while achieving a Mean Bias Error (MBE) of close to 0. 
The present study underscores the potential of combining multi-sensor data with bias correction techniques to 
provide cost-effective and accurate countrywide detection of shrub forest. Moreover, the map complements 
currently available NFI plot sample point data.   

1. Introduction 

The area covered by shrub forest in the Swiss Alps has substantially 
increased over the past few decades, mainly due to agricultural land 
abandonment but also climate change (Gehrig-Fasel et al., 2007). Shrub 
forests form approximately 5% of Swiss forests, and are defined by the 
domination of one of the 76 shrub species within the National Forest 
Inventory (NFI) framework. They predominantly consist of the two 
species green alder (Alnus viridis; 68%) and dwarf mountain pine (Pinus 
mugo ssp. mugo; 19%) that both form extensive closed-canopy forest 
stands (Cioldi et al., 2020; Düggelin et al., 2019; Lanz et al., 2019). The 
state and extent of shrub forest is relevant due to how it influences 

several landscape properties such as soil and hydrological parameters 
(Hunziker et al., 2017), biodiversity (Zehnder et al., 2020), and the 
protective function of forests (Brožová et al., 2020; Bühlmann et al., 
2014). So far, information on the extent has solely been obtained from 
statistical NFI estimates. This is in contrast to forest with tall trees, 
where countrywide maps are available that usually do not contain shrub 
forest (Waser et al., 2015; Copernicus, 2020). 

With the latest Remote Sensing (RS) techniques and open data pol-
icies, new perspectives are now provided in a cost-effective manner 
through area-wide land cover mapping (Ginzler et al., 2019; Ganz et al., 
2020). They facilitate the establishment of monitoring approaches, as 
many RS missions have already gathered many years of time series data 
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and are continuing to do so (Bayle et al., 2019). Several studies showed 
the successful mapping of different forest types or forest tree species 
using RS data from different sensors and platforms such as spaceborne 
multispectral imagery (Immitzer et al., 2019; Grabska et al., 2020; 
Kollert et al., 2021), spaceborne Synthetic Aperture Radar (SAR) data 
(Rüetschi et al., 2018; Lapini et al., 2020) and image-based point clouds 
from airborne sensors (Waser et al., 2015; Malkoç et al., 2021). How-
ever, only few studies have focused on mapping shrubland in the Alps 
(Bayle et al., 2019), although those areas are of particular importance in 
the context of land use and climate change. A preliminary study showed 
the beneficial use of a multi-sensor approach – multiple inputs com-
plemented each other, as each was sensitive to different shrub forest 
properties. Especially the three-dimensional vegetation height infor-
mation was found to be crucial in transitional areas of grassland, shrub 
forest and forest (Weber et al., 2020). 

A significant challenge for a large-scale mapping approach is to 
obtain adequate and representative training data, which is also inde-
pendent of the chosen model type (Fassnacht et al., 2016). Particularly, 
when the target features are rare and distributed heterogeneously in 
space, commonly used probability sampling designs are not suitable, as 
obtaining a sufficient number of samples would be too costly. Conse-
quently, a non-probabilistic sampling strategy is often chosen, which 
however, results in a bias. According to Fassnacht et al. (2016), this bias 
is also frequently inflated by the subjectivity of the way the locations for 
training data generation are selected. To correct this model bias, cost- 
effective techniques such as Active Learning (AL) and threshold- 
moving can be applied. AL techniques focus on providing additional 
locations to generate training data by minimising their number and 
maximising their impact on model performance (Tuia et al., 2011). One 
way to achieve this is exploiting uncertainty criteria of a model to get an 
estimate for classification confidence for each pixel (Crawford et al., 
2013). Threshold-moving approaches are also based on classification 

confidence by taking advantage of the continuous class probability 
output of a model (Collell et al., 2018). 

In this work, we produced a high-resolution shrub forest map for the 
whole of Switzerland which serves as a new NFI dataset and is highly 
relevant for many applications. The approach consists of a non- 
probabilistic generation of initial training data, specific preparation of 
multi-sensor and open access predictor data, and application of the two 
bias correction techniques AL and threshold-moving. Focus is put on the 
efficiency of the two techniques to correct the bias when applied on a 
large scale by comparing the results to an independent probabilistic 
reference dataset. 

2. Materials and methods 

2.1. Study area 

Switzerland is located in Central Europe between 45◦ and 48◦ N, and 
5◦ and 11◦ E and covers an area of 41,285 km2 (Fig. 1). The area is 
topographically heterogenous ranging from flat areas in the Swiss 
Plateau to steep slopes in the Alps. The elevation ranges from 193 to 
4634 m.a.s.l., contributing to different local climatic conditions that 
lead to diverse vegetation types distributed across different regions. 
Shrub forests are distributed heterogeneously (see Fig. 1) and presum-
ably cover approximately 2% (719 km2) of Switzerland (Cioldi et al., 
2020). Disaggregated to the five Swiss NFI production regions, shrub 
forests mainly occur in the Prealps (34 km2), Alps (477 km2) and 
Southern Alps (206 km2) and rarely in the Swiss Plateau or Jura (both <
5 km2). According to the fourth NFI (NFI4), 97% of the shrub forests are 
located above 1060 m.a.s.l. with the highest shrub forest plot recorded 
at 2300 m.a.s.l. (WSL, 2021). 

Fig. 1. The study area Switzerland. Black points indicate locations with homogenous shrub forest according to the third National Forest Inventory (NFI3) aerial 
stereo-image interpretation; rectangles show the 10 km × 10 km raster cells where the initial training data was collected. © swisstopo. 
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2.2. Data 

2.2.1. Reference data 
Two reference datasets were sourced from systematic and country-

wide stereo-image interpretation campaigns (Fig. 2). First, data of the 
third NFI (NFI3) image interpretation on a regular 500 m grid were 
obtained, resulting in 167,911 plot information on forest, non-forest or 
shrub forest. These data were produced based on stereo-imagery from 
1998 to 2005 including information on the existence, homogeneity and 
dominant species of the shrub forests (WSL, 2021). Second, we used 
NFI4 land cover interpretation of 25 regularly distributed sub-sampling 
points on a reduced sampling grid of the 20,638 NFI plots, which are 
squares of 50 m × 50 m distributed across Switzerland on a systematic 
1.4 km grid, based on imagery from 2006 to 2015 (Ginzler, 2019a). The 
NFI3 data were used to collect the initial training data, while the NFI4 
data served as an independent reference to assess the accuracy of the 
resulting shrub forest map. 

The initial training data were produced through aerial orthoimage 
interpretation. This interpretation was conducted on imagery acquired 
with a Leica ADS100 system by the Swiss Federal Office for Topography 
swisstopo. The images were acquired for the whole alpine region of 
Switzerland during leaf-on conditions in the years 2017–2019 in the four 
spectral bands Blue, Green, Red and Near Infrared (NIR) at a spatial res-
olution of 0.25 m. The NIR band was particularly useful since it allows a 
good separation between the broadleaved and coniferous shrub forests 
during the vegetation period (Ginzler, 2019b). 

2.2.2. Remote sensing data 
We used four sets of RS data. First, the Digital Terrain Model (DTM) 

swissALTI3D which covers the whole of Switzerland at a spatial resolu-
tion of 2 m and was produced through Airborne Laser Scanning (ALS) for 
areas below approximately 2000 m.a.s.l. and aerial stereo-imagery for 
higher areas (Federal Office of Topography swisstopo, 2021). 

Second, the Vegetation Height Model (VHM) of Switzerland with a 
spatial resolution of 1 m, which is based on aerial stereo-imagery 
(Ginzler and Hobi, 2015). For the present study, recently acquired 
aerial images of the years 2017–2019 were used for the VHM generation 
(Ginzler, 2021). 

Third, data from the Sentinel-1 (S1) mission that carries a C-band 
SAR sensor and acquires data at VV and VH polarisation over land 
masses in the Interferometric Wide (IW) swath mode. We used Ground 
Range Detected - High Resolution (GRDH) products with a pixel spacing 
of 10 m. All GRDH products of both polarisations (including both 
ascending and descending tracks) covering the study area within the 
time period of 1–24 July 2019 were downloaded. This time period was 
chosen to ensure acquisitions of broadleaved shrub forest stands in the 
leaf-on state, and to lower the chance of having wet snow influence the 

SAR backscatter (Koskinen et al., 1997). As a result, we obtained 62 
GRDH products acquired on 20 different days within the time period. 

In the fourth dataset we used multispectral and atmospherically 
corrected Sentinel-2 (S2) Level-2A data (European Space Agency, 2015). 
For this study, we used the four bands at 10 m spatial resolution within 
the optical and near infrared range (B2-B4, B8), and the six at 20 m 
spatial resolution within the near (B5-B7, B8a) and shortwave (B11 & 
B12) infrared range. We used all image tiles intersecting with the study 
area acquired between July and September of the years 2017–2019. 
Similar to the SAR case, the time windows were chosen to get imagery in 
the leaf-on state and to mitigate the influence of snow. The time span 
was longer compared to S1 since data availability for S2 is lower due to a 
lower acquisition frequency and the impediment of cloud cover (Kollert 
et al., 2021; Waser et al., 2021). This resulted in the processing of 1401 
image tiles acquired on 180 different days. 

2.3. Methods 

The overview of the applied methodology is shown in Fig. 3. Apart 
from the processing of the S1 and S2 data, all the calculations were 
conducted with the statistical software R 4.0.5 (R Core Team, 2021). 

2.3.1. Initial training data generation 
To get initial training data covering most shrub forest variations 

within the whole study area, the locations for the data collection were 
chosen in a systematic way by using information from the NFI3 (see 
section 2.2.1). For this study, all grid points were chosen that consisted 
of homogenous shrub forest with either green alder or dwarf mountain 
pine as dominant species. This resulted in a subset of all shrub forest 
plots of 1023 grid points distributed all over the alpine region of 
Switzerland (see Fig. 1). To identify hotspots of shrub forest occurrence, 
the number of grid points within each cell of a 10 km × 10 km raster was 
calculated. Then, all cells with 10 or more grid points were treated as 
follows. 

Within each selected cell, all contained grid points were virtually 
visited using aerial orthoimage interpretation. In proximate distance to 
each grid point, two training areas were then delineated (Fig. 4). One of 
a shrub forest type, ‘broadleaved shrub forest’ or ‘coniferous shrub 
forest’, as large and as homogenous as possible, and one of a non-shrub 
forest. To collect a variety of non-shrub forest areas, areas of the five 
classes ‘broadleaved forest’, ‘coniferous forest’, ‘larch forest’, ‘other 
vegetation’ and ‘no vegetation’ were delineated. For approximately 8% 
of the grid points, training data collection failed, either due to optical 
shadow or difficult illumination conditions in the aerial orthoimages, or 
high structural heterogeneity leading to ambiguity in determining the 
species. In the last step, the training areas were converted into a 10 m 
raster to match the pixel spacing of the predictor raster datasets. The 

Fig. 2. Schematic depiction of the two systematic and countrywide National Forest Inventory (NFI) reference datasets.  

M. Rüetschi et al.                                                                                                                                                                                                                               



International Journal of Applied Earth Observation and Geoinformation 105 (2021) 102613

4

number of training areas and corresponding pixels for each class are 
listed in Table 1. 

2.3.2. Predictor data generation 
All RS datasets were modified to be used as meaningful predictors 

with a common pixel spacing of 10 m. The resulting predictor data are 
listed in Table 2. 

The DTM was resampled from 2 m to 10 m using a mean function. 
Then, the slope of each raster cell was calculated. For aspect, the non- 
circular northness and eastness were generated for each raster cell by 

the raster.north and raster.east functions of the R package red (Cardoso, 
2017). This resulted in the four topographic predictors elevation, slope, 
northness and eastness. 

The VHM was aggregated from 1 m to 10 m with three different 
functions. The 25th and 75th percentiles as well as the standard devia-
tion were calculated for each 10 m raster cell. These three predictors 
describe main properties of the vertical vegetation structure and enable 
a shrub forest stand to have some degree of heterogeneity. For example, 
a potential stand might have small patches without shrubs or small trees, 
resulting in low or high VHM values. 

Fig. 3. Overview of the shrub forest map production workflow.  

Fig. 4. Examples of training areas generated on colour-infrared aerial orthoimages in proximate distance to a National Forest Inventory (NFI) 3 shrub forest grid 
point. © swisstopo. 
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The S1 predictors were obtained employing a processing chain 
developed in-house at the University of Zürich. The Software imple-
ments the following two steps: First, after applying the Radiometric 
Terrain Correction (RTC) method of Small (2011), each of the 62 GRDH 
products was radiometrically calibrated and flattened, and terrain- 
geocoded using the DTM with the 10 m ground sample distance. The 
RTC method corrects the geometry and radiometry for terrain-induced 
artefacts by normalising backscatter based on the local illuminated 
area as seen by the sensor. Second, following the Local Resolution 
Weighting (LRW) approach (Small et al., 2021), all the resulting 62 RTC 
images were combined into a single composite image representing the 
overall time period 1–24 July 2019. The application of the LRW pro-
cessing step further reduces the above-mentioned artefacts and en-
hances the spatial resolution by combining data-takes acquired in 
diverse viewing geometries. This comes at the cost of slight temporal 
blurring for the chosen time period, which was deemed unproblematic, 
as the shrub forest stands were not expected to go through drastic 
changes at this time of the year. These two processing steps were applied 
to both polarisations VV and VH, resulting in two composite SAR 
backscatter images covering the whole study area with a pixel spacing of 
10 m. 

The S2 predictors were processed in two steps using the Google Earth 
Engine (Gorelick et al., 2017). In the first step, all 1401 image tiles were 
cloud-masked applying the S2 cloud detector s2cloudless (Zupanc, 
2017). All pixels with a higher cloud probability value than 50% were 
masked out. This threshold aimed to achieve a balance between few 
unmasked clouds and sufficient observations for each pixel in the study 
area. This resulted in an average of 38 observations per pixel with only 
147 pixels having no observation and 0.7% of the pixels less than 15 
observations. In the second step, two Spectral-Temporal Metrics (STM) 
(Müller et al., 2015): the Median and Median Absolute Deviation (MAD), 
were calculated for each pixel and band to provide representative and 
further cloud-reduced reflectance values and a variance metric for the 
chosen time window, respectively. In contrast to the mean or standard 
deviation, both STMs are less sensitive to outliers from remaining 
clouds, cloud shadows and potential snow cover. Finally, all 20 m bands 
were disaggregated to 10 m. 

2.3.3. Classification of shrub forest 
In the present study, we used a Random Forest (RF) classifier for the 

three classes ‘broadleaved shrub forest’, ‘coniferous shrub forest’ and ‘no 
shrub forest’ (Breiman, 2001). It is a non-parametric method and less 
sensitive to the number of input variables and overfitting (Fassnacht 
et al., 2016), and has been widely used in land cover classifications 
(Grabska et al., 2020; Immitzer et al., 2019; Kollert et al., 2021). We 
used the R package randomForest and set the parameters to 500 trees and 
5 randomly sampled predictors as candidates at each split. 

To obtain the above mentioned three classes, all non-shrub forest 
classes were merged into one class. To estimate the internal model 
performance, spatial cross-validation was applied accounting for spatial 
autocorrelation. For this, the initial training data was split into a 
learning and test set using the 10 km × 10 km grid from the training data 
generation. Training areas from 70% of randomly selected grid cells 
were used for learning and the remaining 30% were used as a test set to 
assess model performance. This procedure was repeated 50 times to 
generate stable performance estimates, following the Monte Carlo cross- 
validation approach (Kuhn and Johnson, 2013). 

In a next step, the three classes were predicted using all training 
pixels for the entire study area to apply two expert rules. Since shrub 
forests usually do not exist in the two regions Jura and Swiss Plateau and 
in areas below 1000 and above 2400 m.a.s.l. (see section 2.1), all pre-
dicted shrub forest pixels within these two regions and these two 
elevation ranges were set to ‘no shrub forest’. 

2.3.4. Accuracy assessment 
Then, the shrub forest map accuracy was assessed using the NFI4 

land cover interpretation data (see section 2.2.1). We assumed that this 
assessment with independent NFI4 data was more representative for the 
map than the internal one (see section 2.3.3) since it was based on a 
probability sampling design (Stehman and Foody, 2019). For each of the 
available 7640 plots within the expert rule area, the proportion of shrubs 
based on the 25 sub-sampling points per plot was compared to the 
proportion of predicted shrub forest area. This second proportion was 
estimated by extracting the shrub forest pixel area within the square of 
the size 50 m × 50 m around the plot centre. In this assessment, the two 
shrub forest classes were not differentiated and merged into one class, as 
the species were not interpreted in the framework of the NFI data. Then, 
the two proportions were compared using the metrics Mean Bias Error 
(MBE), Mean Absolute Error (MAE) and Root Mean Square Error 
(RMSE). Given that 6638 of the NFI plots did not contain shrubs, a 
second comparison was conducted excluding all the shrub-less plots 
with no predicted shrub forest area (Plots Without Shrubs, PWS). 

2.3.5. Bias correction techniques 
To mitigate the bias and increase the accuracy of the shrub forest 

map, further training data were collected. A semi-automatic AL pro-
cedure was repeated three times applying the workflow displayed in 
Fig. 5. In a first step, areas with high classification uncertainties were 
derived as follows. The Margin Uncertainty (MU) based on the class 
probabilities output of the RF model was calculated for each pixel 
(Demir et al., 2011; Scheffer et al., 2001). It is defined as the difference 
between the most probable and second-most probable class for each 
pixel. The lower this difference, the higher was the classification un-
certainty for this specific pixel. Then, for efficiency reasons, two 
thresholds were set to get a manageable amount of areas across the 
whole study area for the generation of new training data. The first 
threshold was defined on the MU value to get all uncertain pixels with a 
lower MU than 0.15. The second one consisted of a minimum number of 
connected pixels with low MU values. The minimum number was varied 
{300, 150, 130} in each AL round to get approximately 50 areas in each 
of the three rounds. In a second step, new training data were collected in 
these areas with high uncertainties in the same way as described in 
section 2.3.1. In a third step, a new shrub forest map was produced by 
adding the new training data and following the same steps described in 

Table 1 
Overview of the initial training dataset.  

Class # training areas # training pixels (10 m × 10 m) 

1 broadleaved shrub forest 363 15,860 
2 coniferous shrub forest 111 8594 
3.1 broadleaved forest 15  2020  
3.2 coniferous forest 90  6349  
3.3 larch forest 22 486 2497 36,754 
3.4 other vegetation 225  10,914  
3.5 no vegetation 134  14,974  
Total 960 61,208  

Table 2 
Overview of 10 m × 10 m predictor data.  

ID Remote sensing dataset Predictor 

1.1 Digital Terrain Model 
(DTM) 

Elevation 
1.2 Slope 
1.3 Northness 
1.4 Eastness 
2.1 Vegetation Height 

Model (VHM) 
25th percentile (2017–2019) 

2.2 75th percentile (2017–2019) 
2.3 Standard deviation (2017–2019) 
3.1 Sentinel-1 SAR C-band VV LRW composite (July 2019) 
3.2 VH LRW composite (July 2019) 
4.1 – 

4.10 
Sentinel-2 L2A (Bands 
2-8a, 11, 12) 

Median for each band (July-September 
2017–2019) 

4.11 – 
4.20 

Median Absolute Deviation (MAD) for each 
band (July-September 2017–2019)  
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section 2.3.3. In the last step, the independent accuracy assessment with 
the NFI4 data (see section 2.3.4) was performed to estimate the change 
in map accuracy. The whole AL procedure was limited to three rounds 
because mainly heterogenous and thus ambiguous areas were proposed 
in a potential fourth round. 

After the AL, the MU metric was used to further increase the accuracy 
of the shrub forest map. This was done to reduce the expected bias in 
transitional areas introduced through the often-favoured sampling of 
simple and homogenous areas in aerial image interpretation (Fassnacht 
et al., 2016). In a threshold-moving related approach (Collell et al., 
2018), ‘no shrub forest’ pixels with a low MU and in the vicinity of 
predicted shrub forest objects were reassigned to the class of the nearby 
shrub forest and thus allowed to grow. The vicinity of this object 
growing approach was empirically set to 20 pixels (equal to 200 m) and 
the dependency of the map accuracy on the MU value was evaluated by 
calculating the metrics MBE, MAE and RMSE when compared with the 
NFI4 data (see section 2.3.4). 

3. Results 

3.1. Model performance without active learning 

High internal model accuracies were observed for all three classes 
with all three performance metrics usually being higher than 0.93 
(Fig. 6). The classes ‘broadleaved shrub forest’ and ‘no shrub forest’ 
showed slightly higher Producer’s (PA) than User’s Accuracies (UA), 
whereas ‘coniferous shrub forest’ showed clearly higher UA than PA. 
The variation in model performance resulting from the 50 runs of spatial 
cross-validation was highest for ‘coniferous shrub forest’, followed by 
‘broadleaved shrub forest’ and ‘no shrub forest’ with a similar range in 
variation. 

The accuracy assessment with the NFI4 data is shown in Fig. 7. A 
distinct shrub forest overprediction is visible in the positive skew of the 
histogram. The predicted proportion of shrub forest area is higher than 
the interpreted shrub proportion for a majority of the 7640 NFI plots. 
This overprediction also resulted in a positive MBE value of 4.68% and 
was further confirmed in the countrywide comparison of the total shrub 
forest extent. The predicted extent of 127,670 ha was 78% larger than 
the published NFI4 estimate of 71,900 ha (Cioldi et al., 2020). 

3.2. Active learning influence 

The AL substantially improved the map accuracy (Table 3). With 
each round of AL, additional training pixels were added to the model. 
After the third round, almost twice as many pixels were available. The 
additional pixels of each round resulted in better performance metrics 
with the MBE approximating 0 and decreasing MAE and RMSE. Lowest 
MAE and RMSE were achieved after the third round for the analysis 
including all NFI plots. However, this was different for the analysis 
excluding the plots with no shrubs (PWS), with lowest MAE and RMSE 
observed after the second round. Generally, this second analysis also 
revealed worse performance metrics than the one including all plots. 
The predicted shrub forest extent decreased with each round to extents 
lower than the published NFI4 estimate, thus indicating an area 

Fig. 5. Semi-automatic active learning workflow. The n values used in the three rounds were 300, 150 and 130.  

Fig. 6. Internal model performance from the 50 cross-validation runs of the 
three metrics F1 score, Producer’s (PA) and User’s Accuracies (UA). The box-
plots show median, interquartile range (IQR), whiskers and outliers. A 
maximum of 1.5 * IQR was used for the whiskers. The total number of training 
pixels was 61,208 for all three classes broadleaved, coniferous and no Shrub 
Forest (SF). 
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underprediction. 

3.3. Benefit of object growing 

The result of the object growing approach is shown in Fig. 8 and 
differs between the analyses incl. and excl. PWS. A smaller influence of a 
changing MU threshold on the performance metrics was observed for the 
analysis that included all NFI plots. Both, MBE and MAE, showed 
increasing values with higher MU thresholds. The MBE closest to 0 (- 
0.01%) was found for a threshold of 5% with a corresponding MAE of 
2.81% and a predicted shrub forest extent of 57,124 ha. However, excl. 
PWS, a distinct increase of the MBE into positive values and a slight 
increase of the MAE were found. The MBE closest to 0 (0.12%) was 
found for a threshold of 10% with a corresponding MAE of 17.73% and a 
predicted shrub forest extent of 62,239 ha. The influence of applying 
both bias correction techniques (AL and object growing) on map accu-
racy is illustrated in Fig. 9. 

4. Discussion 

4.1. Model performance assessment 

The internal model performance assessment revealed high accuracies 
for the classes ‘broadleaved shrub forest’, ‘coniferous shrub forest’ and 
‘no shrub forest’. In comparison to the other two classes, ‘coniferous 
shrub forest’ was generally underpredicted, resulting in higher UA than 
PA. Although the initial number of training pixels was high, with a total 
of 61,208 pixels, the internal model performance must be interpreted 
with care due to the expected inherent sampling bias from non- 
probabilistic training data generation. This is particularly evident 
when comparing the initial shrub forest map with the probabilistic NFI4 
data. Here, a striking overprediction of shrub forests was observed 
(Fig. 7), clearly demonstrating the limitations of both, the use of non- 
probabilistic training data as well as internal model accuracies for 
rigorous accuracy assessment (Stehman and Foody, 2019). However, it 
is important to note that the independent NFI4 data provided informa-
tion on the proportion of shrubs per 50 m × 50 m plot and not shrub 
forest areas. Thus, this difference in map type has to be considered in the 
interpretation of the map accuracy. 

4.2. Bias correction 

The observed shrub forest overprediction (MBE > 0) could be elim-
inated by the AL in an efficient way. It substantially improved the map 
accuracy, which was already evident after the first round of AL 
(Table 3). Further improvement was only slight in the latter two rounds 
and, assuming that a saturation was quickly reached, additional training 
data did not further improve the model. In the third round, the proposed 
uncertain areas proved to be difficult to interpret due to high hetero-
geneity, or weak illumination and large shadows in the aerial ortho-
image. Interestingly, even a performance decline was observed between 
the second and third round in the analysis excl. PWS. This was attributed 
to the proposed areas probably resulting in wrong interpretations of new 
training data in a few cases. The distinctly higher errors in the analyses 
excl. PWS were explained by the fact that the easy classification cases 
with no shrubs were omitted. 

According to the results, the object growing approach proved to be a 

Fig. 7. Histogram of the comparison between the shrub forest map and the 
NFI4 data (n = 7640) with the corresponding statistics Mean Bias Error (MBE), 
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). 

Table 3 
Influence of the Active Learning (AL) on the performance metrics Mean Bias 
Error (MBE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and 
the predicted shrub forest extent. The numbers of new training areas and pixels 
and the total shrub forest extent are given. The performance metrics are listed 
both for including and excluding the NFI Plots Without Shrubs (PWS).   

w/o AL After AL round 
1 

After AL round 
2 

After AL 
round 3 

# training areas 960 1120 (+160) 1254 (+134) 1455 (+201) 
# training pixels 

(10 m) 
61,208 100,313 

(+39,105) 
110,775 
(+10,462) 

119,276 
(+8501) 

MBE [%] 4.68 0.92 0.29 − 0.3 
MAE [%] 6.04 3.37 2.86 2.68 
RMSE [%] 13.59 10.06 9.09 8.81 
MBE excl. PWS 

[%] 
10.58 2.59 − 0.04 − 2.37 

MAE excl. PWS 
[%] 

19.65 18.26 16.99 17.41 

RMSE excl. PWS 
[%] 

25.91 24.42 23.05 23.26 

Shrub forest 
extent [ha] 

127,640 71,630 61,789 52,669  

Fig. 8. Resulting performance metrics after applying the object growing 
approach within the 20-pixel buffer. Both red lines show the Mean Bias Error 
(MBE), the blue lines show the Mean Absolute Error (MAE). Solid lines repre-
sent the analysis including all NFI plots, dashed excluding the Plots Without 
Shrubs (PWS). The two vertical lines indicate the results with MBE closest to 
0 for both analyses. 
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viable option to counteract an underprediction (MBE < 0) using RF 
probability estimates in combination with a reliable reference dataset. 
This last fine-tuning step allowed us to get the MBE close to 0 by reas-
signing ‘shrub forest’ to pixels with a low MU in the map resulting from 
the model after the third AL round. Since the analysis excl. PWS showed 
that the MAE values remained almost constant and only increased 
slightly, the proposed straightforward object growing method seemed to 

enable a bias correction in the above-mentioned state of AL saturation 
and underprediction of shrub forests. However, it remained unclear 
whether the object growing step proved to be efficient in the case of the 
present study, as object growing only resulted in better performance 
metrics in the analysis incl. PWS. Excluding these plots without shrubs, 
the best performance was achieved after the second AL round similar to 
the observed performance decline between the second and third AL 

Fig. 9. Influence of the bias correction techniques (AL and object growing) on the map shown in an area with dwarf mountain pine stands. a) without, b) with 
techniques (MU threshold of 5%). The background true colour aerial orthoimage is from 2019. © swisstopo. 

Fig. 10. Examples of the limitations observed in the shrub forest mapping approach. a) steep slopes, b) disturbances, c) heterogenous and two-layered shrub forest, 
and d) transition areas. In the first row, the proportion of aerial stereo-image interpreted shrubs within the fourth National Forest Inventory (NFI) plot is shown. In 
the second row, the proportion of the shrub forest pixels within the plot is given. The background aerial orthoimages are in true colour. © swisstopo. 
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rounds. 

4.3. Limitations 

The presented shrub forest mapping approach was found to perform 
poorly in specific areas for a variety of reasons. 1) a poor performance 
was observed in very steep slopes due to topography-induced shadow in 
the predictor data (Fig. 10a). 2) the 3% of shrub forests that grow 
outside the expert rule area (see section 2.1) were a priori ignored and 
not mapped. However, mapping outside this area would principally be 
possible when accepting false positives in areas where the occurrence of 
shrub forest is very unlikely. 3) shrub forest species growing taller than 
3 m (e.g. Hazel) were seen and also expected to belong to the class ‘no 
shrub forest’ as the model was focused and trained on small-growing 
species. This was not appraised as a big issue since these areas mainly 
appear in countrywide forest masks (Waser et al., 2015; Ganz et al., 
2020). 4) false positives were observed in recently disturbed forest areas 
with a low vegetation height, as a result of windthrows or management 
activities (Fig. 10b). In particular, the high importance of the VHM 
predictors in the model (Weber et al., 2020) resulted in the assignment 
of ‘shrub forest’ in these areas. 5) contrariwise, the VHM predictors were 
also responsible for false negatives because of its variable importance 
and sensitivity to the upper vegetation layer. Heterogenous and two- 
layered shrub forest stands with trees showed a tendency to be classi-
fied as ‘no shrub forest’ (Fig. 10c). This could also explain the under-
prediction of the final shrub forest extent compared to the terrestrial 
survey-based NFI4 estimate. 6) a generally poor performance was ach-
ieved for areas of smooth transitions from shrub forest to forest with tall 
trees, e.g. dwarf (Pinus mugo ssp. mugo) to upright (Pinus mugo ssp. 
uncinata) mountain pine, where it is also a challenge to set the threshold 
in the field (Fig. 10d). 

4.4. Outlook 

Prior to setting up a countrywide monitoring of shrub forest occur-
rence, it is necessary to test the extent to which the final model can be 
transferred to newer data from 2020 onwards. Current developments 
within the European NFI Network (ENFIN) Alps framework concerning 
the generation of an alpine VHM based on S2 data will be followed 
closely with the aim to generate a shrub forest map for the whole alpine 
arc (Lang et al., 2019). A map of this spatial extent further calls for a 
careful training data sample design. Since neither a random nor a sys-
tematic sampling strategy seems to be efficient due to the distribution of 
shrub forests, and homogenous areas are often favoured for sampling, a 
solution, such as the one presented using bias correction techniques, has 
to be considered. 

5. Conclusions 

In the present study, a straightforward approach to map shrub forest 
on a large scale, i.e. for the whole of Switzerland, was developed, using 
multi-sensor RS data acquired within the three years 2017–2019. The 
resulting area-wide map gave information on shrub forest occurrence 
and distribution in a complementary manner to the already existing NFI 
estimates. A strong sampling bias was observed due to the non- 
probabilistic nature of the initial training data. This quite common 
issue of large-scale mapping was addressed by applying an AL and a 
threshold-moving related object growing method based on the proba-
bility estimate of the RF model. Both contributed to a substantial and 
cost-effective increase in mapping accuracy. 
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Thürig, E., 2020. Waldressourcen, in: Brändli, U.-B., Abegg, M., Allgaier Leuch, B. 
(Eds.), Schweizerisches Landesforstinventar. Ergebnisse Der Vierten Erhebung 
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