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Abstract: Wetlands are important habitats for biodiversity and provide ecosystem services such as 

climate mitigation and carbon storage. The current wetland mapping techniques in Norway are 

tedious and costly, and remote sensing provides an opportunity for large-scale mapping and 

ecosystem accounting. We aimed to implement a deep learning approach to mapping wetlands with 

Sentinel-2 and LiDAR data over southern Norway. Our U-Net model, implemented through Google 

Earth Engine and TensorFlow, produced a wetland map with a balanced accuracy rate of 90.9% 

when validated against an independent ground-truth sample. This represents an improvement 

upon manually digitized land cover maps in Norway, which achieved accuracy rates of 46.8% 

(1:50,000 map) and 42.4% (1:5000 map). Using our map, we estimated a total wetland coverage area 

of 12.7% in southern Norway, which is double the previous benchmark estimates (5.6%). We 

followed an iterative model training and evaluation approach, which revealed that increasing the 

quantity and coverage of labeled wetlands greatly increases the model performance. We highlight 

the potential of satellite-based wetland maps for the ecosystem accounting of changes in wetland 

extents over time—something that is not feasible with traditional mapping methods. 
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1. Introduction 

Wetlands are ecosystems that are permanently or periodically saturated or 

inundated with water and include habitats in the transition between terrestrial and 

freshwater or marine ecosystems. They offer a wide range of ecosystem services, 

including water purification, flood control and carbon sequestration [1,2]. Wetlands hold 

the highest density of soil carbon among terrestrial ecosystem types [3]. This makes them 

efficient and cost-effective nature-based solutions to climate change, as they sequester 

atmospheric carbon and are important in the long-term storage of carbon [4]. Despite this, 

wetlands are constantly under pressure from human activities [5,6,7], and wetland habitat 

losses due to land-use change often lead to decreases in local biodiversity and altered 

hydrological cycles, which result in carbon emissions. 

It has been estimated that about 9% of the mainland of Norway is covered by open 

wetlands [8]. Open peatlands, which include open bogs and fens, are the wetland types 

with the highest coverage rate in Norway (approximately 8% of land cover; [8]. However, 

the coverage of wetlands over Norway remains uncertain, as different data sources yield 

different estimates (e.g., 3.8% in 1:5000 maps [9] vs. 6.0% in 1:50,000 [10]and vs. 5.3% in 

official statistics [11]. This is partly because previous mapping efforts have been based on 

manual in situ mapping procedures, which require substantial financial investment and 

adopt differing definitions of wetland habitats. There are, however, several concerns 
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regarding these map layers, including: (1) the landcover classification system suitable for 

topographic mapping at a scale of 1:50,000 is coarse; (2) small polygons are kept or 

removed selectively for cartographic reasons; (3) the main method for the 1:50,000 layer is 

aerial photo interpretation without field validation; and (4) the 1:5000 layer is not mapped 

in mountainous areas, where many wetlands are excluded from national estimates [8]. 

Furthermore, employing fieldworkers to digitize habitat types introduces a sampler bias, 

which makes the resulting map vulnerable to spatial and temporal inconsistencies 

[12,13,14,15] Mapping instructions and methods can also change over time, making it 

difficult to discern whether changes in wetland cover are real or merely an artifact of 

changes in mapping methodology. Apart from the mostly single-timepoint aerial 

coverage estimates, there is little active monitoring and surveillance of wetland conditions 

or changes over time. However, the active monitoring and annual or biennial mapping of 

wetlands will become important given the revised management plan for the restoration 

of wetlands in 2021 [16]. 

Due to the importance of wetlands for ecosystem services, and the threats of 

anthropogenic disturbance, monitoring and mapping wetlands is important to aid in their 

conservation. The remote sensing of wetlands has seen increased attention in recent years, 

with many large-scale studies illustrating the ability to map wetlands from satellite 

images using machine learning techniques [17,18]. The current wetland mapping 

techniques in Norway are tedious and costly, but satellite and airborne remote sensing 

methods including optical sensing, radar sensors, and LiDAR provide an opportunity for 

large-scale mapping and ecosystem accounting. So far, Norway has not supplemented in 

situ wetland inventories and mapping with remote sensing data and machine learning 

classification workflows, which stands in contrast to countries such as Canada [19]. 

Perhaps the most important thing to note is that Norway until recently has lacked access 

to high-quality ground truths, which are necessary for training, calibrating, and validating 

satellite-based wetland maps [20]. 

Few studies have applied deep learning models to wetland classification [17], and to 

the best of our knowledge only [21] has done so using a fusion of Sentinel-1 and Sentinel-

2 data. In a meta-analysis of more than 200 publications, [22] found that the median 

accuracy for classifying land use and land cover using deep learning models was 91%, 

and that there was no other tree- or kernel-based classifier that achieved a median 

accuracy over 90%. Therefore, although less sophisticated models are more efficient in 

terms of the training data requirement and inference speeds, deep learning models 

ultimately achieve higher accuracies for land cover classification. 

In the literature review by [18], which also included the data base from [17], we found 

very few examples on the deep learning classification of wetlands by use of Sentinel-1 or 

-2. One exemption was [21], who used deep learning for land use and land cover (LULC) 

classification based on U-Net based on Sentinel-1 and -2. Another exemption was also 

[23], who used deep U-Net convolutional networks and Sentinel-2 imagery for coastal 

wetland classification. By comparing deep learning and shallow learning for large-scale 

wetland classification in Alberta, Canada, [24] found that the accuracy of the convoluted 

neural networks (CNN) product was about 80%. [24] also concluded that CNNs may be 

better able to capture natural complexities within wetland classes. In this study, we 

explored the potential of using deep learning to map wetlands at a regional scale using U-

Net convolutional networks and cloud computation on Sentinel-2 and LiDAR data. 

To distinguish wetlands from other land use and land cover types (LULC), another 

type of deep learning method called semantic segmentation is needed. In the process of 

semantic segmentation, the purpose is to delineate areas with the desired content, in our 

approach wetlands, from all other unwanted information (i.e., the other LULC classes). 

This type of deep learning with semantic segmentation often requires the manual 

digitization of wetlands as polygons, preferably as a wall-to-wall approach in limited 

areas where training and validation image patches can be cut out and made available for 

a deep learning training process. 
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Deep learning has recently been proposed as one of the most promising methods for 

classifying LULC classes from remote sensed imagery [25]. It has been argued that deep 

learning can also solve more difficult classification issues such as wetland delineation [26]. 

Despite the potential for deep learning models, the most common machine learning 

framework used to generate wetland maps has been decision trees (e.g., Random Forest), 

followed by support vector machines (SVM) [17]. However, the type of machine learning 

model adopted has so far had no discernible effect on map accuracy [18]. 

To meet the demand for wall-to-wall, frequently updatable wetland maps in 

southern Norway, and to further the international state of wetland remote sensing, our 

aim was to generate a deep learning-based map of wetlands in Norway using Sentinel-2 

imagery and LiDAR data. The integration between Google Earth Engine (GEE) [27] and 

TensorFlow in the cloud made it possible to apply and train a U-Net model on Sentinel-2 

imagery and LiDAR. In this paper, we describe a pipeline on how to classify a land cover 

type (wetland) using Google Colab [28], TensorFlow, and GEE. Further, we discuss the 

accuracy and potential of this approach related to other methods. 

2. Methods 

2.1. Study Area 

The study area included the mainland of southern Norway, from 58 to 63°N and from 

5 to 13°E, from sea level to 2469 m (Figure 1). It spanned a wide range of environmental 

gradients relevant to wetland biogeography, including temperature and precipitation 

regime, solar radiation, geology, and topography gradients [29,30]. 

Norway is located on the western border of the Baltic Shield, dominated by 

Precambrian rocks and the Caledonian Mountains with sedimentary, metamorphic 

bedrock [31]. In July, the average temperatures vary from 17 ℃ around the Oslo Fjord to 

0 ℃ in the highest peaks of the Jotunheimen Mountain area (Norwegian Meteorological 

Institute 2023). The monthly average temperatures for January range from −15 ℃ in 

Jotunheimen to +3 ℃ in the outer coastal areas in the south and west. The outer and central 

areas on the west coast receive the most precipitation, with more than 2000 mm in several 

areas; however, the interior parts east of the central mountain range receive as little as 200 

to 400 mm of annual average rainfall. 

In Norway, there are estimated to be approximately 20,500 square kilometers of 

wetland, i.e., about 5.3% of the total land area [11]. Other major land cover types are open 

land areas, which includes mountains (38%), forests (37%), fresh water (5%), and 

agricultural land (3% )[32]. The variation in the mire peatland types in Norway is high 

and unique, even in a global context [29]. The habitat classification system Nature in 

Norway 2.2.0 [33] (NiN, in English EcoSyst) includes 13 main habitat types for the wetland 

ecosystem. These are open fen (V1), bog (V3), mire and swamp forest (V2), tidal and 

alluvial swamp forest (V8), wet snowbed and snowbed spring (V4 and V5), spring (V6), 

arctic permafrost wetland (V7), semi-natural fen (V9) and semi-natural wet meadow 

(V10), peat quarry (V11), drained mire (V12), and artificial wetlands (V13) (see details in 

https://www.artsdatabanken.no/Pages/172028/Vaatmarkssystemer, in Norwegian). In 

our study, we did not include the mire and swamp forest classes (classes V2 and V8). 

Open peatlands, which constitute bogs and fens, are the most common wetland types in 

Norway (accounting for approximately 95% of open wetland cover; [8]. 

https://www.met.no/en
https://www.met.no/en
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Figure 1. Study area and rectangles for collection of image patches for evaluation (red), original 

training set (blue), and additional training set (green). The study area is shown in the North-

European map in the lower right corner. 

In the rectangles shown in Figure 1, there is wall-to-wall digitization of wetland 

polygons as ground-truth data. Some red and blue rectangles are smaller than others, 

mainly because they have a higher density and amount of wetland polygons, meaning a 

lot more effort was needed to map wall-to-wall in these areas. The green rectangles are 

generally smaller than the red and blue and were created to improve the first deep 

learning model. 
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2.2. Preparation of the Predictor Stack 

The regional classification of wetlands from Sentinel satellite imagery using deep 

learning requires access to a large-capacity platform and infrastructure for storing and 

analyzing large amounts of data. TensorFlow is a software library based on open-source 

machine learning developed by Google. Pytorch and Keras are examples of other 

frameworks and libraries. The GEE was used for storing, customizing, and exporting our 

input data for cloud-based deep learning modeling. Customized files in TensorFlow 

format (TFRecord-format) were then exported to Google Cloud Storage and used as an 

input for a virtual machine to process the deep learning scripts in Google Colab. 

We processed all Sentinel-2 optical scenes over Norway during August 1 to October 

31, 2020. The Sentinel-2 data were used to derive spectrotemporal features as predictor 

variables [34]. The spectrotemporal features were used to capture both the spectral and 

temporal (e.g., phenology including autumn color senescence [35,36]) characteristics of 

land cover classes to offer enhanced model prediction accuracy compared to single-

timepoint image classification [37,38]. 

After trial and error, we selected 3 Sentinel-2 bands and 10 indices, as well as the 

mean canopy height model from LiDAR (accessed from hoydedata.no) as a substitute for 

tree height, as our explanatory variables. Using the cloud-masked Sentinel-2 imagery [34], 

we derived 13 bands or indices (Table 1). For most of these, we used median mosaic 

values, except for the normalized difference vegetation index (NDVI), where we used the 

25th percentile mosaics across the three-month time stack of images. 

Table 1. List of input variables from Sentinel-2 in the deep learning model showing the names, 

abbreviations, equations, and references for equations. See footnotes for the various Sentinel-2 

bands that were used. 

Number Name Abbreviation Equation Statistics Reference 

1 The green band 3 B3 b3 Median  

2 
The near infrared 

band 8 
B8 b8 Median  

3 
The red edge band 

swir4 band 12 
B12 b12 Median  

4 

The normalized 

difference 

vegetation index 

NDVI 
((b8 − b4)/(b8 + 

b4)) 

The 25th 

percentile 
[39]  

5 
The normalized 

burn ratio 
NBR 

((b8 − b12)/(b8 

+ b12)) 
Median [40]  

6 
The normalized 

difference red/green 
REDGREEN 

((b4 + b3)/(b3 − 

b4)) 
Median  

7 

The plant 

senescence 

reflectance index  

PSRI ((b4 − b2)/b6))  Median [36]  

8 
The green-red 

vegetation index   
GRVI 

((b3 − b4)/(b3 + 

b4)) 
Median [41]  

9 
The red-edge ratio 

vegetation index  
RERVI b5/b8 Median [42]  

10 
The enhanced 

vegetation index  
EVI 

(2.5 * ((b8 − 

b4)/(b8 + 6 * b4 

− 7.5 * b2 + 1)) 

Median [43] 

11 
The carotenoid 

reflectance index 1  
CRI1 

((1/b2) − 

(1/b3)) 
Median [44]  

12 
The green 

normalized 
GNDVI 

((b8 -b3)/(b8 + 

3)) 
Median [45] 
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difference 

vegetation index  

13 
The pigment specific 

simple ratio  
PSSR b8/b4 Median [46] 

* Sentinel-2 bands used: b2 blue (490nm), b3 green (560nm), b4 red (665nm), b5 near infrared 1 

(705nm), b6 near infrared 2 (740nm), b8 near infrared 4 (783nm), b12 short wave near infrared 4 

(2190nm). 

In Norway, LiDAR data are possible to download free of cost from hoydedata.no 

(accessed 23.04.2022). Both terrain and surface models from LiDAR data were uploaded 

to GEE. The terrain data can be found on asset “users/vegar/dtm1/dtmcoll”, while the 

surface model can be found on asset “users/vegar/dom1/domcoll”. The items can be 

visualized using this link: 6b56518b215b373147969757a695b4b6—Earth Engine Code 

Editor (google.com). The index we used was the surface model subtracted by terrain. This 

index indicates forests, buildings, and other objects that protrude above the terrain. The 

hypothesis is that open wetlands do not have high index values here. 

2.3. Preparation of the Training Data 

As a learning basis for the model, wetland polygons had to be annotated or digitized 

throughout the study area to create image chips or patches that could be used in the deep 

learning process. The advantage and big difference from using training points as a 

learning basis, for example, is that deep learning uses large pixel neighborhoods to decide 

whether a given pixel is a wetland area or something else. In theory, a pixel with some 

spectral deviation on a huge wetland surface will end up in the wetland class and not 

create the salt and pepper classification output that is often seen in other classification 

algorithms. 

To avoid creating many thousands of image patches manually, all wetland polygons 

were digitized wall-to-wall within delimited rectangles. We initially made 17 rectangles 

over the total study area in southern Norway (see Figure 1). These rectangles were 

selected based on previous knowledge and field work experience in these areas and to 

cover a cross-section of different wetland types and regional geographical and climate 

gradients. As a starting basis for digitizing the wetlands, two sets of orthophotos and 

existing wetland polygons from the 1:50,000 and 1:5000 map series were used. All 

polygons and parts of polygons that contained forest were removed either by mapping 

these via intensive fieldwork or by checking them against new orthophotos or LiDAR data 

in GIS. Previously unmapped wetland polygons were added to the map, either via 

intensive field work, via digitization in GIS from orthophotos, or preferably both. The 

levels of generalization both within and between the existing map bases varied from area 

to area. The 1:5000 maps also do not have coverage in the mountains. In addition, these 

maps have different refresh rates. Because of this, a great deal of work was required to 

create a harmonized data basis for models. 

The 17 rectangles varied in size from approximately 25 km2 to 600 km2. They were 

divided into two, so that there were 17 squares that could be used for training purposes 

and 17 for evaluation. Based on these rectangles, image patches were systematically 

created through an algorithm made using Google Earth Engine Team (TensorFlow 

example workflows, Google Earth Engine, Google Developers, last accessed 24 April 2022) 

measuring 1280 × 1280 m (128 × 128 pixels for our 10-m resolution predictor stack, where 

the 20-m resolution bands in Sentinel-2 were resampled to 10 m), consisting of the 14 

layers from satellite and LIDAR data as well as a rasterized version of the digitized 

wetlands as a training and evaluation base. 

We generated 2000 samples (image patches/chips) for every training and evaluation 

polygon. All image patches contained one layer with the feature to be predicted or 

segmented (i.e., wetland) stacked upon all the other layers in the predictor stack (i.e., the 

14-layer stack). The image patches from each polygon were merged into a single export 

https://code.earthengine.google.com/6b56518b215b373147969757a695b4b6
https://code.earthengine.google.com/6b56518b215b373147969757a695b4b6
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and stored in Google Cloud Storage as a TFRecord. The TFRecord file contains patches of 

pixel values in each record. 

2.4. Computing 

GEE was used for storing, customizing, analyzing, and exporting and importing data 

for cloud-based deep learning modeling. Customized files in TensorFlow format 

(TFRecord-format) were exported to Google Cloud Storage and used as inputs for the 

virtual machine to process the deep learning scripts. The model used was a fully 

convolutional neural network (FCNN) for semantic classification. The goal of semantic 

segmentation is to label each pixel with a probability estimate of the input image with the 

class that represents a specific object [47,48]. 

We used the Keras implementation of the U-Net model [49]. The U-Net model takes 

128 × 128-pixel patches as inputs and outputs the per-pixel class probability. The U-Net 

model is based on the architecture of a TensorFlow workflow made by the Google Earth 

Engine Team and can be inspected online (TensorFlow example workflows, Google Earth 

Engine, Google Developers). We used 0.1 as the learning rate, with a batch size of 16, 50 

epochs, and 500 steps per epoch. U-Net consists of five encoder and five decoder 

convolutional layers, each consisting of 32, 64, 128, 256, and 512 channels, plus one center 

layer with 1024 filters. 

For the model settings, for the training gain and evaluation accuracy metrics, we used 

the ‘Adam’ as the optimizer, ‘Intersection-Over-Union as the loss, and the ‘mean 

Intersection-Over-Union’ metric for the accuracy evaluation. The latter meant that 17 

samples from the training dataset were used to estimate the error gradient before the 

model weights were updated. The model was trained with 50 epochs to reach stable 

output performance. The trained model was then applied to the whole study area by 

exporting the predictor layers from this area to the cloud storage, where the calculations 

were performed. 

The first U-Net deep learning model performed better near the training and 

evaluation rectangles than in areas far from these. Therefore, we ran an overlay analysis 

between our model and existing wetland maps from 1:5000 and 1:50,000 to find areas with 

major discrepancies. The main discrepancies could be “bad performance” from the deep 

learning model or that the 1:5000 or 1:50,000 map bases were poorly updated. We found 

23 areas where we wanted to improve the model and made an extra set of training 

rectangles and a similar wall-to-wall map of these (see Figure 1). The size of these 

additional rectangles was significantly smaller than the original 17 rectangles, and only 

the conformities were checked and corrected. This process was much faster than the first. 

The whole workflow is shown in Figure 2. 

https://developers.google.com/earth-engine/guides/tf_examples
https://developers.google.com/earth-engine/guides/tf_examples
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Figure 2. Workflow of the process of predicting open wetlands from Sentinel-2 imagery using 

TensorFlow and U-Net. 

2.5. Unseen Validation Dataset 

The wetland model was evaluated with independent ground truths from the national 

monitoring project ANO (area representative for monitoring in Norway). The ANO 

consists of 1000 randomly selected 500 × 500 m squares across mainland Norway (Figure 

3). The 500 × 500 m squares were randomly drawn from a regular grid across Norway, 

and the only criterion was that they should not share a common line or corner point. Each 

ANO square contains 18 circles measuring 250 m2 (radius 8.21 m), which are 

systematically located within the 500 × 500 m square (Figure 3). In the center of each circle, 

a 1 × 1 m vegetation plot was analyzed, where among other things the coverage of all 

vascular plants was recorded with the percentage coverage rates. 

 

 

Figure 3. Field design of the unseen validation dataset named as the area representative for 

monitoring in Norway (ANO), first established in 2019. To the left is an example of a 500 × 500 m 
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square that contains 18 monitoring circles in a systematically positioned geographical system. To 

the right is an example of a 250 m2 monitoring circle with a vegetation sample plot of 1 m2 in the 

middle. The main dominating LULC class (percent cover) is allocated to the circle in the field, while 

both the main LULC class and species estimates are given to the 1 m2 plot. 

In both the 250 m2 circles and in the 1 m2 squares, dominant nature types are 

registered according to the Nature in Norway (NiN) system developed by [33] Halvorsen 

et al. (2020). Wetlands are divided into 13 different classes according to NiN, where the 

criterium is mostly related to the species composition. Our wetland model includes all of 

these NiN wetland classes, except the mire and swamp forest classes (classes V2 and V8). 

For the NiN classes that include wetland edges, we accepted an uncertainty margin 

of one Sentinel-2 pixel (10 m) for a correct hit on a wetland edge. This was done by 

considering that Sentinel-2 is georeferenced with an inaccuracy rate corresponding to 90% 

of the pixels having an inaccuracy rate of less than 10 m [50]. 

A total of 4966 ANO ground truths were available in our study area at both the 250 

m2 scale level and the associated 1 m2 vegetation plot level at the midpoint of the circle. In 

the circles at the 250 m2 level, only the dominant nature type is specified, along with what 

percentage of the circle this nature type covers. At the 1 m2 level, the dominant habitat 

type is also indicated but without a percentage indication, even if several nature types are 

present. Note that nature types at the 250 m2 level and 1 m2 level may be different from 

each other, although they represent parts of the same area. As conditions for a valid 

wetland ground truth, we used as criteria that a wetland must cover more than 50% at the 

250 m2 level and that it must either be classified as a wetland at the 1m2 level or that 

Sphagnum mosses have been registered in the vegetation plot. 

3. Results 

The first TensorFlow model, based on the 17 original selected training rectangles, was 

run over 50 epochs until achieving stable performance as measured by inspecting the 

training gain and evaluation accuracy metrics. The best model had a training 

mIOUaccuracy rate of 95.6% and validation accuracy rate of 94.9%. 

The model output can be inspected here: 

https://vegar.users.earthengine.app/view/deeplearningmodel1 (accessed on 19 February 

2023). 

After the identification of areas of mismatches between the first TensorFlow model 

and existing reference data, a completely new deep learning model was trained on 

additional annotated data. This model was based on 36 training areas and 17 evaluation 

areas (rectangles) (Figure 1) and was trained over 50 epochs for stable performance. The 

new model had 98.51% accuracy for the training data and 98.41% accuracy for the 

evaluation data. This model corrected most of the weaknesses of the first deep learning 

model and was considered a better model. 

The results of this model can be inspected here: 

https://vegar.users.earthengine.app/view/deeplearningmodel2 (accessed on 19 February 

2023). 

Of the 4966 independent ground truths, 547 of these satisfied our criteria as wetlands 

(Table 2). 

Table 2. Estimated error matrix for the final classification with estimates for the user’s accuracy 

(UA) and producer’s accuracy (PA). 

  Reference     

    Wetland Non-wetland Total UA (%) 

Prediction 
Wetland 491 351 842 58.3 

Non-wetland 56 4068 4124 98.6 
 Total 547 4419 4966  

https://vegar.users.earthengine.app/view/deeplearningmodel1
https://vegar.users.earthengine.app/view/deeplearningmodel2
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 PA (%) 89.8 92.1     

Here, we accepted an uncertainty rate of up to 10 m for NiN wetland edge types. The 

sensitivity rate of the model was 491/(491 + 56), equaling 89.8%m, and the specificity rate 

was 4068/(4068 + 351), equaling 92.1%. The balanced accuracy equation was (sensitivity + 

specificity)/2, i.e., (89.8 + 92.1)/2, equaling 90.9% accuracy. 

The corresponding accuracy rates with independent ANO ground truths for the 

existing reference data for wetlands in Norway were 36.6% for the 1:5000 map basis and 

42.2% for the 1:50,000 map. Note that the 1:5000 map does not cover the whole area of 

Norway and lacks coverage, especially in mountains. Therefore, after correcting for this 

unmapped area, the true positive rate was 46.8% for these areas according to the ANO 

ground truths. 

We found 351 false positives out of a potential 4419 for our wetland model, which 

equated to 7.1% misclassifications of non-wetland ground truths. The most common 

misclassified nature types were nutrient-poor forest types and open heathlands, which 

are common neighboring nature types to wetlands and often appear together in different 

mosaics at different scale levels. 

Our model estimated that approximately 12.7% of the land area in southern Norway 

is covered by wetlands (except mires and swamp forests). This was higher than previous 

estimates (please see the Introduction). The official Norwegian map on a scale of 1:50,000 

contains only 5.6% mire areas for all of Norway. 

4. Discussion 

Our results indicate that as much as 12.7% of the land surface area in southern 

Norway is covered by wetlands. This is more than double the area of what is mapped in 

official maps for LULC in Norway. In another study using a point-based survey,[8] 

estimated that open wetlands in Norway probably cover 8.9% of the total area. Their study 

was based on an area frame survey of LULC types in a regular 18 × 18 km network (grid) 

across Norway, where an area of 0.9 km2 was mapped at each intersection of the grid. The 

mapping was, however, mainly based on the interpretation of aerial photographs [8]. 

In the area representative for monitoring (ANO) program that we used for 

independent ground truths, 11.7% of the area was considered to be wetlands (mire and 

swamp forest not included) based on the registrations made in the 250 m2 circles. When 

we only considered the registrations made in the center vegetation plot on the circles that 

are at the 1 m2 scale level, 13.4% of these were assessed as wetlands. 

Moreover, there are clear regional patterns where our model predicts more, but also 

less, wetland areas than the existing maps (see Figures 4 and 5). Our model predicts more 

wetlands in the mountains and on the west coast of Norway. This agrees with the findings 

of [8]. There are also regions in Norway where our model has smaller areas with wetland 

than the existing maps. This is particularly the case in southeastern Norway (see both 

Figures 4 and 5). This pattern was also observed by [8]. The cause is probably related to 

the ditching of bogs in the decades after World War II and a general reduction in wetland 

areas due to construction and other development close to heavily populated areas. The 

ditching of bogs has led to the bogs being desiccated, planted with trees, and now 

overgrown by forests. The official maps, thus, appear to be outdated in these areas. 

. 
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Figure 4. Visualization of the differences in predicted wetland coverage and existing reference data 

at the scale of 1:5000. Note that the 1:5000 maps do not cover mountain areas, and the large 

discrepancies in the central part of southern Norway are partly due to this lack of coverage (but see 

also Figure 5). 
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Figure 5. Visualization of the differences in predicted wetland coverage and existing reference 

data at the scale of 1:50,000. 

It was an extensive process and task to create a satisfactory map of wetlands in 

southern Norway. This was largely due to the lack of satisfactory annotated data, and 

most of the job involved digitizing wall-to-wall wetland polygons in the rectangles for the 

collection of image patches. However, the result and the internal deep learning evaluation 
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accuracy of the final product (98.41%) must be said to be very good compared to earlier 

studies that aimed to classify wetlands by means of remote sensing. Accuracy rates of 70–

95% have been reported in literature studies performed by [26,17,18]. However, only 

when we introduced an unseen validation dataset for evaluation could a credible 

confusion matrix be established. We found using this unseen and independent dataset 

that our model is approximately 90.9% correct for our study area, which is far better than 

existing reference map data, which is below 50%. 

Our model has a balanced accuracy rate of 90.9%, and depending on the further use 

of the model, users might explore additional filters and post-processing steps to remove 

some obvious misclassifications and unwanted areas. It will be possible to use the slope 

to mask out steep areas with a low possibility of being wetlands [51,52]. Additionally, it 

will be possible to set a threshold on heights above the nearest drainage network. 

Agricultural land is also annually mapped with a high degree of accuracy in Norway. This 

agricultural land layer may also be used to mask out misclassified wetlands in these areas. 

Initially, a lot of time was spent looking for either spectral bands or indices that 

formed visual patterns that were in accordance with the wetland delineation we wanted 

to create. It quickly became clear that single bands or indices alone would not be able to 

contribute fully to the wetland delineation along the east–west gradient in Norway, nor 

to different types of wetlands. For instance, indices that seemed to work well in 

continental areas showed a lower spatial pattern correlation with wetland types in 

western Norway. It was only when we began to experiment with autumn colors and 

limited the search for Sentinel-2 images to the period of August–October that the patterns 

became clearer throughout the study area. The colors yellow, orange, and red, in addition 

to green, are the most common autumn colors in Norway. The indices that distinguished 

these colors from each other visually also had the clearest patterns that could distinguish 

wetlands from other habitat types. 

The transfer value of our results is limited by the fact that we did not calculate 

variable importance scores for the satellite features that informed the deep learning 

model. Due to funding and time constraints, we were not able to calculate importance 

scores for the set of predictor variables. We identify this as an avenue for further research 

given that reducing the feature set can drastically improve the processing and inference 

times in deep learning architectures [53]. 

The process of creating the map was iterative, where the first deep learning model 

based on wetland polygons from 17 rectangles gave good results in the surrounding areas 

with roughly the same wetland types. However, the models deteriorated when 

transferred to areas further away from the training rectangles and became quite unreliable 

100–200 km from the nearest annotated training area. We, therefore, supplemented the 

training dataset with new rectangles for wetland types in different regions along altitude, 

north–south, and east–west (continental) gradients at regular intervals to achieve 

comparable results with existing maps. This resulted in an updated wetland prediction 

map of southern Norway that is up to date regarding the input data and now captures 

new cottage developments and the large-scale ditching of bogs, for which the existing 

official maps are not yet updated. 

It is possible that the use of less training data can give similarly good results by using 

augmentation methods [54]. We did not try this here, but it may be relevant if the model 

is to be extended to include northern Norway. However, we felt strongly that the use of a 

denser network of training rectangles to capture different and other wetland types was 

important, as the model’s performance was significantly poorer with increasing distances 

from training (and evaluation) rectangles. It is also possible that different models could 

have been made for specific classes of different types of wetlands and for different regions, 

such as one model for wetlands in the mountains and one for the lowlands. These are 

issues that must be tested in future projects to further improve the models. Wetlands must 

also be said to be a difficult nature type (land cover) to classify [55]. Deep learning 

methods have also been used to classify other LULC classes with some success [56,57,58] 
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In recent times, and especially in the last two or three years, an increasing number of 

papers have been published on the use of U-Net and partly Tensor-Flow in semantic 

segmentations of imagery. However, these methods are mostly used on very high-

resolution images and in remote sensing in products such as WorldView3 and others with 

a resolution of 1 m or even higher [18]. U-Net has hardly been used on remote sensing 

products other than RGB and hardly in combinations of Sentinel-1 and Sentinel-2 imagery. 

One of few exceptions was reported by [21], who used these methods for LULC 

classification based on U-Net on Sentinel-1 and -2 data. They stated the accuracy to be 

about 76%, which is quite low. They reported three reasons for this: (1) there were too 

many details in the classification system; (2) the spatial resolution was too coarse; (3) there 

were too few observations in the training set (annotations). As we attempted to predict 

only one LULC class, their first reason did not apply to us. To solve point (reason) 2, we 

tried to use relevant bands and indices that had as crisp and sharp boundaries between 

wetlands and other LULC classes as possible. To solve the last point, we invested a lot of 

time and effort into increasing the amount of annotated data. [21] also stated that the use 

of a low training basis with annotated data was an important reason for low accuracy in 

their results. They also stated that they used augmentation to increase the training basis. 

[59] used BigEarthNet [60] and achieved accuracy rates ranging from 98% (impervious 

and agricultural areas) to 75% for wetlands. BigEarthNet is a large-scale Sentinel-2 dataset 

collected from a total of 125 Sentinel-2 tiles covering areas of 10 countries in Europe, with 

a total of 590,326 tiles measuring 120 × 120 pixels, which are annotated with land cover 

classification labels. 

SAR (Sentinel-1) data were also tested as the input data in our initial phase. However, 

we ruled out Sentinel-1 bands as predictors as the same wetland (training) polygons often 

had very different band values in different internal parts. This gave erroneous results, 

where parts of the wetland polygon were not correctly predicted in the finished 

classification. U-Net was originally designed to find objects (segments) in very high-

resolution images, especially RGB and other low-spectral products [61]. To us, it seems 

that the method works best on Sentinel imagery when the bands or indices form sharp 

boundaries and that the polygons’ boundaries are in accordance with the boundaries we 

initially wanted to draw. 

5. Conclusions 

In our experience, and based on the evidence presented in this paper, the 

classification of ecosystems and land cover classes based on satellite and repeated 

airborne remote sensing imagery offers some significant advantages over in situ and 

manual reference mapping: (1) it covers large areas and multiple years in a consistent and 

comparable manner, in that it is objectively compared to manual mapping, which is 

performed by different individuals over different parts of the country; (2) it is scalable to 

some extent because one can extrapolate over time and space using the deep learning 

models; (3) it is continually updateable and often available in near real-time, thereby 

allowing for ongoing monitoring and surveillance (note that LiDAR data are not 

continuously updated and updates must not rely on this source); (4) it performed better 

than the existing approaches for reference data validated by regional unseen ground truth 

data. Whether the kind of deep learning approach presented here or other machine 

learning methods provide better and more effective classification results must be explored 

in future studies. A focus on change detection using the methods presented here to 

account for changes in wetland extents over time would be particularly interesting and 

critical for effective wetland conservation. 
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