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II. RELATEDWORK

Deep learning techniques such as convolutional neural net-
works (CNNs) has made huge progress in remote sensing
applications including scene classification [10], object detec-
tion [11], land cover classification [8], [18], image fusion [11],
[13] and segmentation [12]. One of the main technologies
that improve the performance of CNN-based segmentation
methods is sensor fusion [11]. However, the multi-sensor
fusion methods suffer from two main challenges: (1) the
feature extraction from various types of sensory data, and
(2) the selection of a suitable fusion level. Multi3Net [19]
is a CNN model which fuses Sentinel-1, Sentinel-2, optical
and radar imagery. It uses CNN for segmentation of flooded
buildings which consists of multiple deep encoder-decoder
streams, each of which produces an output map based on data
from a single sensor. This fusion model improved the detection
accuracy compared to single sensor approach. In another work
[18], a multilevel CNN architecture is targeted to land cover
and crop type classification from multi-temporal multi-source
satellite imagery. Their architecture outperforms the Multi-
Layer Perceptron (MLP) allowing better discrimination of
certain summer crop types.

Information on peatland classes is required for making
decisions in forestry and environmental management and in
land-use planning [20]. Because no individual wavelength
range can capture the complexity of the 3D structure of
peatland vegetation combining data from different sensors
is required for peatland site type classification. In [20], the
Random Forest (RF) algorithm was used for tropical peatland
classification using multisensor satellite imagery in Greater
Amanzule, Ghana. Another work conducted in [21] classifies
13 peatland vegetation types using supervised algorithms such
RF, Support Vector Machine (SVM) and Logistic Regression
(LR). These traditional classification algorithms have advan-
tages and disadvantages in terms of accuracy, data type used
and the ease of analysis. In [7], a pretrained AlexNet [22] is
used for weatland mapping. Their results show that CNN was
superior to RF for complex wetland mapping. However, none
of the above mentioned used all of the input datasets tested
in this paper. Based on our knowledge, there is no published
research that uses CNN for peatland classification based on
variety of multi-sensors and multiresolution data such as this
study.

III. STUDY AREA AND DATA

The Keminmaa study area belongs to the Southern aapa
mire zone [23] which has a wide range of peatland site types
from nutrient-rich to nutrient-poor types (Fig. 1). The aapa
mires are classified as a minerotrophic vegetation–ecological
peatland complex with lawn level vegetation and concave
surface topography, but without clear surface patterning. Fifty
percent (42800 hectares) of the land area is covered by
peatlands which have a mean depth of 1.1 m [24]. Annotation
data was extracted from the geological survey of Finland
peatland inventory [24] and Luke National Forest Inventory
(NFI) datasets [25] which contain information on peatland

Fig. 1. Keminmaa study area. Background maps: National Land Survey of
Finland general map (left) and topographic map (right), 2022.

site type observations conducted in the field. Peatland site
type classes were determined according to [23], and only
observations made after the year 2000 were selected from the
databases to reflect the most current situation.

Table I shows the characteristics of the data used in this
paper. The spatial resolution column in the table represents
the resolution which is used in the paper. Totally, we used
four data types as follows:

1) Synthetic Aperture Radar (SAR) satellite data: Initial
Sentinel-1 (S1) data consisted of two different image types,
which were downloaded from the Copernicus Open Access
Hub1 and further processed using The ESA Sentinel Applica-
tions Platform (SNAP) software.

These were intensity images (i.e., ground range detected
products) and coherence images (based on the single look
complex products), including both VV and VH polarizations.
Intensity refers basically to backscattered signals of a single
image which have been detected, multi-looked and projected,
whereas coherence measures the similarity of radar reflections
between two individual images. Five intensity images were
included in the analysis, one per each summer month of
2017 (May-September). Regarding to coherences, three dif-
ferent sets of images were produced. First, coherences were
calculated for each temporally consecutive pair of Sentinel-1A
images at a 12-day interval between May 9 and September 30,
2017. Second, coherences were calculated for the same set of
Sentinel-1A images but so that the midmost image of July 20,
2017, was always included as a "reference" image in the pair.
And third, VV and VH values of multiple coherence pairs,
calculated for summer 2019, were averaged as single layers
in order to reduce noise. The different year of the averaged
dataset resulted from its later calculation and use in other
modelling purposes.

One mosaic was compiled of the TerraSAR-X SC images
(DLR 2013) acquired on May 30th and June 4-5th, 2017. A
seamless mosaic of the preprocessed images was made with
the SAR-Mosaic processing tool. Single RADARSAT-2 SGF

1https://scihub.copernicus.eu/







depending on the window size. In Stream1 and Stream3, the
kernel matrix (e.g., 5 × 5) sweeps through the input image
transforming the data. In Stream2, the kernel size is 25 × 25.
Each of the convolutional layers is followed by a ReLU
non-linearity, batch normalization [31] and max-pooling layer.
Max-pooling was performed on each feature map using a 2×2
kernel with a stride of 1, thereby avoiding down-sampling and
allowing for a high spatial resolution. After several convolution
and pooling steps, the final feature maps are flattened in the
form of a 1-D vector for each stream. The output of three
stream are concatenated and the probabilities of land cover
classes were extracted as output using a softmax function,
which is commonly used as the activation function in the
multiclass classification. To update network weights, we use
Adam as an optimization algorithm [32]. In order to reduce
overfitting, we also added dropout layer with a 50% drop
probability after each convolutional layer.

B. Input Selection

To reduce the number of input dimensions and find
most relevant inputs, we utilize Sequential Forward Selec-
tion (SFS) [33]. SFS is widely used for its simplicity and
speed [33], [34]. SFS reduces an initial d-dimensional input
space F to a k-dimensional input subspace S where k < d.
As SFS is a bottom-up search procedure, it starts from an
empty input set S and gradually adds inputs selected by an
evaluation function, that maximize the accuracy. In the first
iteration, the proposed CNN model is trained with all possible
inputs one by one. The input Ii to be included in the input set
S, which can achieve the maximum classification accuracy.
In the second iteration, SFS takes the best input Ii from the
first iteration and evaluates the classifier performance with the
combination of Ii and the remaining available inputs. This is
repeated until the CNN’s performance is evaluated with all
input combinations and finally the best input set S is selected.

The proposed CNN model is trained on small regions (win-
dows), which are assumed to contain the spatial information
around each training pixel. The window-based approach is
commonly used in pixel classification [16]. In addition, this
approach is well suited in this study since the annotated
peatland site type is determined in the field around the training
point location within a circle of 40 m in diameter. For this
purpose, each training pixel is centered at a window with size
n × n. The parameter n depends on the spatial resolution of
an input. For instance, we supposed n = 5 for inputs which
have 10 and 16 m pixel size. We also assumed n = 25 for
DEM and CHM which have 2 m pixel size.

For each window, we also used 5-fold Stratified Cross Vali-
dation (SCV) [35] technique to divide the dataset into training
and validation datasets. SCV as one of the standard methods
to evaluate classifier’s generalization accuracy. Compared with
the standard CV, SCV ensures that each fold of dataset has
the same distribution of the classes in each fold to address
class imbalance problem. We also applied data augmentation
to generate additional training data by random rotation, vertical
and horizontal flips. Finally, the proposed CNN is trained on

whole data with the selected inputs. This trained model is used
for performing the pixel-wise classification.

C. Pixel-wise Classification

This component labels each pixel according to the defined
peatland site type classes. Therefore the output of this compo-
nent is a pixel-wise classification map. Each pixel is classified
based on the trained CNN model with the selected inputs.
For this task, we proposed a sliding window approach. The
sliding window plays the main role in many object detection
and classification methods [36] that refers to a rectangle region
with a defined width and height that moves over the image. In
fact, each pixel is labelled one-by-one, with some amount of
surrounding pixels as a spatial pattern to help to classify it. The
pixel always is centered of the window. The classification starts
from the upper left pixel. Then whole window’s features are
extracted separately from each stream and after that the class
predictions from each individual stream are combined by first
concatenating them and then applying additional convolutions.
After classifying the upper left pixel, the window is moved into
the next pixel. When the window arrives at the last pixel in the
first row, it comes down one pixel and then starts again from
the left pixel. This process iterates until the window slide over
all pixels.

V. EXPERIMENTAL RESULTS

We first applied SFS method to decrease the input dimen-
sion to prevent overfitting and decrease the running time for
the proposed CNN architecture. The selected inputs by SFS
for each version of data is illustrated in Table IV. The result
show that the inputs such as S2, DEM, CHM, TerraSAR-X and
MS-NFI are always selected in the two data versions. It means
these inputs retain most information related to peatland classes.
Therefore, the CNN model produces the highest classification
accuracy with these features.

The most common evaluation measurement for classifica-
tion algorithms is total accuracy which used in this paper.
Table V shows that the overall classification accuracy is 32.4%,
33.6% and 31.8% for Keminmaa V1, Keminmaa V2 (drained)
and Keminmaa V2 (undrained) based on the selected inputs. It
demonstrates that the highest classification accuracy is gained
with the V2 drained dataset. We also calculated other metrics
such as Producer Accuracy (PA), User Accuracy (UA) and
Kappa value. The PA represents how well a specific area can
be mapped, whereas the UA is an indicator of how well the
produced map represents what really exists in the study area.
From the results, the highest value for PA, UA and Kappa
values belongs to Keminmaa V1. Furthermore, the confusion
matrix of two versions of data is shown in Table VI. In this
matrix, the upper cell shows the predicted class name and
the bottom cell shows the number of predicted samples. The
columns "other" represents the total number of observation to
classes that they have only one sample. In the last column in
these tables, you can see the total and correct observations
in upper and bottom cells, respectively. Therefore, the matrix
can present the obtained results with more details for each



TABLE IV
THE SELECTED INPUTS FOR EACH VERSION OF DATA.

Name of dataset Feature description (data type, raster layer and date)

Keminmaa V1

Sentinel-2 optical satellite data, May 26th, 2018
RADARSAT-2 SAR satellite data, HV/HH, May 24th, 2017
Sentinel-1 SAR satellite data, VV/VH, coherence July 8th / July 20th, 2017
TerraSAR-X SAR satellite data, HH, May 30th - Jun 5th, 2017
TerrasarX, HH, 30th May-5th Jun 201
Sentinel-1 SAR satellite data, VV/VH, intensity Sep 26th, 2017
DEM
CHM
MS-NFI, mean height for years 2000-2009
LBP derived from CHM
Steepest descent derived from DEM
Slope derived from DEM

Keminmaa V2 (drained)

Sentinel-2 optical satellite data, July 18th, 2018
LBP derived from CHM
DEM
TerraSAR-X SAR satellite data, HH, May 30th - Jun 5th, 2017
MS-NFI, mean diameter for years 2000-2009
CHM

Keminmaa V2 (undrained)

Sentinel-2 optical satellite data, Jun 19th, 2020
Sentinel-1 SAR satellite data, VV/VH, coherence averaged for Jun - Aug 2019
Sentinel-1 SAR satellite data, VV/VH, coherence Sep 18th / Sep 30th, 2017
RADARSAT-2 SAR satellite data, HV/HH, Sep 21th, 2017
TerraSAR-X SAR satellite data, HH, May 30th - Jun 5th, 2017
Sentinel-1 SAR satellite data, VV/VH, coherence Jul 20th / Sep 18th, 2017
Sentinel-1 SAR satellite data, VV/VH, intensity Aug 3rd, 2017
LBP derived from DEM
DEM
CHM
MS-NFI, site type for years 2000-2009

peatland class. The results show that we can get the maximum
accuracy 82.0% and 78.1% from class "HRTHPI" in V1 and
V2 (drained) respectively. This is because this class has the
maximum and sufficient training samples in data for training
CNN. In V2 (undrained), we got accuracy the maximum
accuracy from class "SFB" and "TSHSF". The minimum
accuracy achieved for the classes that have minimum number
of samples such as "CSPF" and "RHPB" which is around
16%. The entire classification maps produced from the CNN
for each dataset are shown in the first row of Fig. 4 with
the final pixel size 2 m. From the second row of this figure,
detailed classification results for three specific subregions (1-3)
with CNNs are illustrated corresponding to S2. For instance,
Fig. 4 (1)(b) shows the classification results for region 1 of
Keminmaa V1. Fig. 4 (1)(c) and (d) show the classification
maps for the same region of Keminmaa V2 drained and
undrained, respectively.

VI. CONCLUSION

In this paper, we presented a CNN fusion architecture for
peatland classification based on variety of multisource and
multiresolution data. We first used state-of-the-art SFS to
reduce the dimension of inputs while considering the most
representative features. Therefore, our proposed architecture
substantially reduced the amount of time needed to produce
prediction peatland site type maps. Then, the architecture
performed pixel-wise classification according to the selected

TABLE V
THE CLASSIFICATION PERFROMANCE METRICS FOR EACH DATA VERSION

(%).

Name of dataset Keminmaa V1 Keminmaa V2
(drained)

Keminmaa V2
(undrained)

Classification accuracy 32.4 33.6 31.8
Average user’s accuracy 25.8 15.1 16.2

Average producer’s accuracy 21.0 12.9 18.8
Kappa value 29.2 21.1 27.6

features and a sliding window approach. Our experimental
results are collected on satellite open source optical and SAR
data and airborne laser scanning and multi-source national
forest inventory in northern Finland on aapa mires. They show
that our architecture able to classify peatland types around
32% total accuracy in the study area. However, the results
show that for some classes with more training samples, the
architecture can classify them with accuracy above 52%. For
example, we got accuracy 82% for the class "Herb-rich type
heathy peatland I (HRTHP I)" in the first version of data.
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TABLE VI
THE CONFUSION MATRIX FOR KEMINMAA V1 (GREEN), V2 DRAINED (RED) AND V2 UNDRAINED (BLACK).
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