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 A B S T R A C T

The generation of high-resolution boreal peatland maps through the integration of multi-source remote sensing 
data provides critical support for greenhouse gas inventories and environmental management. In this study, we 
propose GeoFusion, a pixel-wise peatland classification architecture that leverages open-access radar imagery 
from Sentinel-1 and optical imagery from Sentinel-2. GeoFusion combines convolutional neural networks 
(CNNs) for hierarchical local feature extraction with vision transformers (ViTs) for modeling long-range 
dependencies, enabling effective fusion of spectral–textural and structural information. The architecture also 
incorporates data augmentation, multi-head self-attention, and dropout regularization to enhance robustness 
and mitigate overfitting. Performance was assessed at two classification levels: site type and fertility level, 
capturing both ecological diversity and functional characteristics of complex peatland ecosystems. Comparative 
experiments against well-known deep learning models and hybrid Transformer-based models were conducted 
across three ecologically distinct regions in Finland. The obtained results demonstrate that GeoFusion 
outperforms other models and achieves average accuracies of 79.25% and 72.68% for fertility-level and 
site-type predictions, respectively.
1. Introduction

Peatlands are unique ecosystems characterized by the accumulation 
of organic matter, in the form of peat, which is a dense layer of 
decayed vegetation characteristic to wetlands. These ecosystems play 
a crucial role in global carbon storage, acting as significant carbon 
sinks by sequestering vast amounts of atmospheric carbon dioxide over 
millennia (Minasny et al., 2024). Although peatlands cover only about 
3%–4% of the Earth’s land surface, they store approximately one-
third of the world’s soil carbon, which is more than the carbon stored 
in all other ecosystems (Intergovernmental Panel on Climate Change 
(IPCC), 2023). This carbon storage capability makes peatlands vital to 
mitigating climate change.

In Finland, peatlands are especially important, covering nearly 30% 
of the country’s land area (Turunen and Valpola, 2020), as shown in 
Fig.  1. These peatlands are a vital part of natural heritage, playing a 
crucial role in biodiversity, hydrology, and carbon dynamics (Finland, 
2022; Ghobadi et al., 2012). However, they have historically been used 
for agriculture, forestry, and energy production, leading to significant 
drainage and changes in land use, which pose challenges to their 
ecological integrity (de Waard et al., 2024). Therefore, the conservation 
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and sustainable management of these ecosystems are essential, as they 
contribute not only to carbon storage but also to the regulation of water 
resources and the support of diverse habitats. One important task for 
protecting peatlands is the development of a classification model that 
allows us to identify and assess different types of peatlands along with 
their unique characteristics.

Remote sensing (RS) technology has revolutionized the way we 
observe and analyze the Earth’s surface, providing detailed information 
about land and water bodies. By utilizing sensors installed on satel-
lites or aircraft, electromagnetic radiation reflected/backscattered or 
emitted from the Earth’s surface (Aplin, 2004) is recorded in RS data. 
These sensors can operate across various ranges of the electromagnetic 
spectrum, such as visible, infrared, and microwave, allowing for the 
identification and analysis of different materials and surfaces (Aplin, 
2004). This technology enables the continuous monitoring of vast and 
often inaccessible areas, offering valuable insights into the Earth’s land, 
including vegetation health (Nay et al., 2018), water bodies (Yigit Av-
dan et al., 2019), and changes in land use over time (Chughtai et al., 
2021).
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Fig. 1. Distribution map of peatlands in Finland (Haakana et al., 2023).

RS has proven to be a cost-effective and timely tool for land 
cover classification tasks, including mapping of various vegetation 
habitats (Phiri and Morgenroth, 2017). It enables the differentiation of 
various surface types, including grasslands, forests, concrete structures, 
and bodies of water, based on their unique spectral signatures. RS 
technology is important for peatland classification as it can provide 
consistent, large-scale coverage of peatlands that are often located in 
remote or challenging terrains. Peatlands, characterized by their unique 
wetland vegetation and waterlogged conditions, require specialized 
techniques to distinguish them from other types of land cover. RS 
enables the monitoring of peatland extent, health, and hydrological sta-
tus by capturing subtle variations in vegetation and moisture content. 
However, the complexity and diversity of peatlands continue to pose 
significant challenges for their accurate mapping.

Recent advancements in Deep Learning (DL) have produced promis-
ing results in peatland classification by utilizing various neural network 
architectures to process and learn from multi-scale complex RS data 
effectively (Hosseiny et al., 2022; Jafarzadeh et al., 2022; DeLancey 
et al., 2020). Despite improvements in RS for peatland classification, 
the problems with current DL models remain unsolved. These models 
struggle to capture important long-range relationships and the complex 
patterns over time and space found in peatlands (Aleissaee et al., 2023).

To address the challenges of accurately classifying peatland types 
across spatial variations of fertility and moisture, we developed Geo-
Fusion, a novel hybrid architecture that integrates CNNs and ViTs for 
pixel-level peatland classification. GeoFusion is, to our knowledge, the 
first approach in this domain to employ a hybrid (CNN+Transformer) 
framework. By fusing two open-source RS data sources, including radar 
imagery from S-1 constellation and multispectral optical data from S-
2, GeoFusion could capture local spatial detail and global contextual 
relationships within peatland ecosystems. We implement a two-level 
classification scheme, distinguishing both site type and fertility sta-
tus, thereby offering a refined ecological characterization of peatland 
conditions.

Through extensive evaluation across three distinct study sites in 
Finland, GeoFusion consistently outperformed traditional deep learning 
benchmarks, including both multi-stream CNNs (Farahnakian et al., 
2023b) and encoder–decoder fusion models (Zelioli et al., 2024), in 
terms of classification accuracy for both site type and fertility. Unlike 
conventional CNNs, which are inherently limited by local receptive 
2 
fields, GeoFusion leverages its Transformer component to model long-
range spatial dependencies—a critical capability for classifying peat-
land landscapes characterized by extended hydrological and vegetation 
patterns. The key contributions of our work are summarized as follows:

1. Development of a multi-modal architecture: While hybrid 
CNN-Transformer models have been applied to domains like 
land cover classification (Li et al., 2023; Yan et al., 2023; 
Shailaja et al., 2025), GeoFusion represents the first applica-
tion of a dual-stream CNN + Transformer model for peatland 
classification using S-1 and S-2 data.

2. Token-level fusion across modalities: Unlike previous ap-
proaches that rely on straightforward feature concatenation 
or late fusion, e.g., combining S-1, S-2 with terrain deriva-
tives (Karlson and Bastviken, 2023; Pan et al., 2025), GeoFusion 
performs token-level fusion, combining class (CLS) and spa-
tial embeddings across all four modality streams. This allows 
the Transformer to learn richer cross-modal relationships for 
classification.

3. Inter-modal attention with multi-head cross-attention: Ge-
oFusion fuses features by explicitly modeling cross-modal de-
pendencies via multi-head attention. It includes two rounds of 
cross-modal attention processing, enabling it to capture sophis-
ticated interactions between SAR coherence and optical spectral 
features.

4. Extensive evaluation: The proposed framework is rigorously 
tested across three distinct peatland sites in Finland, showcasing 
its effectiveness and adaptability in diverse environments.

5. Comparison with leading Transformer variants: To demon-
strate GeoFusion strengths, we conduct a benchmark comparison 
against state-of-the-art ViT architectures, including Swin Trans-
former (Liu et al., 2021), ViT-UNet (Zhou et al., 2024) and 
Data-efficient Image Transformers (DeiT) (Touvron et al., 2021).

6. Public availability for reproducibility: In contrast to other 
studies that only shared results and architecture details, our 
implementation with code and models is publicly available in 
GitHub at https://github.com/MaaTi-project/GeoFusion

The remainder of this paper is organized as follows. Section 2 
reviews the relevant literature on peatland classification and recent 
deep learning approaches used in land-cover mapping. Section 3 de-
scribes the study areas, datasets, preprocessing steps, and the proposed 
architecture. Section 4 presents the experimental results and discussion. 
Finally, Section 6 concludes the article with a summary of the findings 
and directions for future work.

2. Related work

Recent studies on peatland classification have utilized three primary 
types of sensor data to achieve satisfactory pixel-wise accuracy and ad-
dress the complexities of peatlands: (1) Optical RS images, (2) Synthetic 
Aperture Radar (SAR), and (3) LiDAR (Light Detection and Ranging). 
Optical RS utilizes multispectral and hyperspectral imagery to capture 
the unique spectral signatures of peatlands, distinguishing them based 
on vegetation type, moisture content, and surface reflectance (Rezaee 
et al., 2018a). However, SAR is particularly useful in peatland envi-
ronments due to its ability to penetrate cloud cover and detect subtle 
variations in surface roughness and moisture, which are key indicators 
of peatland health and extent (de Waard et al., 2024). LiDAR provides 
high-resolution elevation data, allowing for detailed mapping of peat-
land topography and hydrology, which are crucial for understanding 
peatland dynamics and their role in carbon sequestration (Guo et al., 
2017).

Traditional machine learning (ML) approaches for RS segmentation 
have commonly employed algorithms such as Support Vector Machines 
(SVM) (Merchant et al., 2016; Middleton et al., 2012) and Random 
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Fig. 2. Study pilot areas including Keminmaa, Southern Ostrobothnia, and Eastern Finland.
Forests (RF) (Millard and Richardson, 2015; Bourgeau-Chavez et al., 
2017). These models rely on hand-crafted features derived from the 
imagery, such as texture, color, and spatial attributes, which can insuf-
ficiently capture the complex, hierarchical patterns inherent in RS data. 
As a result, they are limited in their ability to model data heterogeneity 
and are sensitive to noise, which reduces their effectiveness across 
varying peatland types and environmental conditions (Cheng et al., 
2020). To address some of these limitations, traditional supervised 
classifiers have also been applied in the object-based image analysis 
(OBIA) domain, particularly for northern peatlands, where segment-
based classification can enhance spatial context (Mahdianpari, 2019). 
However, a comprehensive study (Jafarzadeh et al., 2022) compar-
ing multiple ML algorithms for wetland classification found no single 
traditional method to be consistently superior.

In recent years, DL models have attracted increasing attention for 
their ability to model complex spatial dependencies in data. For in-
stance, in Hosseiny et al. (2022) introduced WetNet, a spatial–temporal 
ensemble DL model, which integrates Sentinel-1 (S-1) and Sentinel-2 
(S-2) data to improve wetland classification by capturing both spatial 
and temporal variations. In another study (Jafarzadeh et al., 2022), 
the authors proposed Wet-GC, a novel multimodel graph convolutional 
approach that effectively handles limited training samples by exploiting 
the graph structure inherent in RS imagery. In DeLancey et al. (2020), 
the researchers compared DL models with traditional shallow learning 
methods, demonstrating the superiority of DL, particularly CNNs, in 
capturing the intricate patterns of wetlands across large-scale datasets. 
In O’Neil et al. (2020), the use of DL with physically informed input 
data was explored, enhancing the identification of wetland areas by 
integrating domain knowledge into the modeling process. In Rezaee 
et al. (2018b), researchers applied a deep convolutional neural network 
specifically to complex wetland classification tasks, highlighting the 
potential of DL to discern subtle differences in optical RS imagery. 
In Pouliot et al. (2019), the effectiveness of CNNs for wetland mapping 
with Landsat data was assessed, underscoring the ability of the model 
to generalize across diverse ecological regions. CNNs work best within 
a small area, so they often miss connections in an image, like peatland 
patches that are far apart but still related. In addition, CNNs have fixed 
filter weights that apply the same way to the whole image, which means 
they do not consider the specific content (Aleissaee et al., 2023). In 
3 
our previous studies (Farahnakian et al., 2023b; Zelioli et al., 2024; 
Farahnakian et al., 2023a; Zelioli et al., 2025), we attempted to address 
some of the limitations of CNNs by incorporating skip connections to 
maintain feature continuity and utilizing a sliding-window strategy to 
improve local context modeling. Although these modifications resulted 
in noticeable improvements in classification accuracy, the inherent 
structural constraints of CNNs still limit their ability to capture complex 
spatial arrangements effectively.

To address these limitations, researchers have explored the poten-
tial of Transformers, specifically ViTs, for the pixel-wise classification 
task (Han et al., 2022). ViTs have demonstrated strong performance in 
various vision tasks by effectively modeling global dependencies and 
capturing complex spatial hierarchies without relying on local receptive 
fields, using self-attention layers (Vaswani, 2017). Their capability to 
handle heterogeneous spatial patterns suggests potential advantages 
over CNN-based approaches in the context of RS applications. How-
ever, Transformer-based models may miss certain local details when 
extracting features (Li et al., 2023). DeiT (Touvron et al., 2021) follows 
the same architectural design as ViT but introduces enhanced training 
strategies to improve data efficiency. In particular, DeiT incorporates 
knowledge distillation (KD) (Hinton et al., 2015), enabling a student 
network to learn from both ground-truth labels and a teacher model. 
Swin Transformer (Jamali and Mahdianpari, 2022) introduces a hier-
archical design tailored for high-resolution imagery. Instead of global 
self-attention, Swin computes attention within local non-overlapping 
windows and shifts these windows between consecutive layers. ViT-
UNet (Zhou et al., 2024) combines a ViT encoder with a UNet-style 
decoder to support dense prediction tasks. The Transformer encoder 
captures long-range contextual dependencies, while the decoder pro-
gressively upsamples feature maps and integrates skip connections from 
intermediate encoder layers to recover fine-grained spatial details.

3. Methodology

3.1. Study areas

Fig.  2 shows the three test areas, namely Keminmaa (Kemi), South-
ern Ostrobothnia (SO), and Eastern Finland (EF). They are distributed 
to cover the most common main mire vegetation zones and the drainage 
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Table 1
Description of input data sources used in this study.
 Data Bands Grid cell size (m) No. of rasters 
 S-1 intensity Microwave band C 

(5.5 cm)
June and September 
2019, VV, VH, 
VV/VH

10 6  

 S-1 coherence Microwave band C 
(5.5 cm)
mean and max. of 
VV, VH, VV/VH

10 6  

 S-2 B2 (490 nm), B3 
(560 nm),
B4 (665 nm), B5 
(705 nm),
B6 (740 nm), B7 
(783 nm),
B8 (842 nm), B8A 
(865 nm),
B11 (1610 nm), B12 
(2190 nm)

10 10  

status related to forestry, agriculture, and peat extraction. Kemi is 
characterized by a wide variation in peatland site types related to 
southern aapa mires ranging from the most nutrient-rich minerotrophic 
to oligotrophic types. The SO site is dominated by nutrient-poor site 
types of eccentric raised bogs. It is heavily influenced by past peat 
extraction and has a high number of active and abandoned agricultural 
organic soil field plots. EF test area, compared to the two other sites, 
has more topographic variation, a relatively lower number of training 
data representing a typical area outside of the densely inventoried 
peatland regions, and possesses a relatively high portion (73%) of 
drained peatlands. For a more detailed description of the test areas, 
see Middleton et al. (2023).

3.2. Data

Table  1 shows the summary of SAR S-1 and optical S-2 datasets 
that are used in this article. The S-1 data is comprised of intensity 
images (i.e., ground range detected products) including both VV and 
VH polarizations (V=vertical, H=horizontal) and their ratio. These 
data represent the backscattered signals detected, multi-looked, and 
projected into a single image. Mosaics of two instances in time, namely 
June and September 2019, were constructed. Secondly, SAR coherence 
time series were produced from single-look complex images. Data were 
acquired once a month over the summer season, May-September 2019, 
and mean and maximum coherence values of both polarizations and 
their ratio were input into the classification.

A S-2 mosaic was created using Level-1C images from June 2019 to 
August 2021. The images selected for the mosaic had low cloud cov-
erage (0 – 2.5...10%) and low haze, depending on availability. All ten 
S-2 bands at 10/20 meters resolution were used and atmospherically 
corrected to Level-2A. The mosaic was created in two stages: first by 
merging tiles for smaller areas and then combining these subareas into 
a country-wide mosaic. A thorough band-wise compensation process 
was carried out to correct for reflectance variations between adjacent 
images. The imagery was finally resampled to a uniform 10-meter raster 
stack, with values scaled to 8-bit integer values, similar to S-1.

Separate training datasets were constructed for the drained and 
undrained subareas. A drainage mask raster created from the artificial 
drainage ditches stored in the topographic database by NLS (National 
Land Survey of Finland (NLS), 2023) was also made to apply the 
models on drained/undrained areas separately. This approach was 
chosen after extensive testing to minimize the misclassification of site 
types between drained and undrained areas. The training data were 
4 
Fig. 3. (a) Original SAR images and (b) SAR images after denoising (Dalsasso 
et al., 2021).

sourced from the Geological Survey of Finland (GTK) peatland inven-
tory (Geological Survey of Finland (GTK), 2022) and Luke national 
forest inventory datasets (Mäkisara et al., 2016). Each observation site 
was field-verified, and peatland site types were determined by qualified 
personnel. These site-type data are stored as point-wise observations in 
GIS databases, following the Finnish peatland site type classification 
system (Laine et al., 2018), which is grounded in the forest site type 
classification theory by A.K (1913). The classification uses site fertility 
and wetness as the key gradients. Of these, fertility is a more stable 
property, while wetness can be altered by artificial drainage.

For peatland classification, we adopted a two-level classification 
approach that includes both site type and fertility level. The site type 
classification is focused on the ecological and physical characteristics of 
the peatland, such as vegetation type, moisture conditions, and surface 
structure. By classifying peatlands at the site type level, we can identify 
specific ecological zones within peatlands, which is crucial for targeted 
conservation and management efforts.

Fertility level (FL) classification, on the other hand, provides insight 
into the productivity and nutrient status of the peatland. By including 
fertility level in the classification, we can assess the potential for 
peatlands to be used sustainably or identify areas that may require 
restoration to enhance their ecological functions. This dual-level clas-
sification approach is particularly important for creating detailed and 
actionable peatland maps. Table  2 shows the class specific numbers of 
the field reference locations. 

3.3. Image preprocessing

Satellite image preprocessing is essential for land cover classifica-
tion because it corrects distortions, noise, or inconsistencies in the data, 
leading to faster model convergence during training and improving 
generalization by reducing overfitting (Sowmya et al., 2017; Asokan 
et al., 2020). In this work, all S-1 and S-2 images are initially resized 
to fixed-size image patches into 128 × 128 pixels, preserving immediate 
neighborhood context without relying on larger-scale tiling.

The next step in this work for the image preprocessing pipeline 
is data normalization, another important step in preparing data for 
training ML-based models. Normalization improves training efficiency 
and model stability by rescaling all pixel values to a standardized 
range between 0 and 1. With this, we ensure that features with larger 
numerical values do not overshadow the learning process, allowing 
for a more balanced contribution from all features during training. 
After that, each input stream: S-1 (coherence), S-1 (intensity), and 
S-2, is processed through its augmentation pipeline. Augmentation 
protocols typically include random horizontal and vertical flips (each 
with ≈50% probability) and rotations by 0◦, 90◦, 180◦, or 270◦, applied 
independently to each 128 × 128 patch.

While SAR imagery obtained from S-1 satellites can generate radar 
images in all weather conditions and at any time of day, these images 
are prone to a type of multiplicative noise called speckle, which can 
degrade image quality and make further analysis more challenging. To 
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Table 2
Number of field reference locations used as training data in the study areas for each site type and corresponding fertility class fertility level (FL) (Laine et al., 
2018).
 Site type Abbrev. Keminmaa South Ostrobothnia Eastern Finland FL*** 
 Undr. Dr. Undr. Dr. Undr. Dr.  
 
Eutrophic paludified 
hardwood-spruce forest

LbK 3 19 4 1 1 2 1  

 Herb-rich hardwood-spruce swamp RhK 22 9 16 20 34 29 1  
 Herb-rich sedge hardwood-spruce fen RhSK 2 16 1 2 4 5 1  
 Herb-rich type I* heathy peatland Rhtkg I 24 18 224 187 52 87 1  
 Eutrophic hardwood-spruce fen VLK 0 6 1 0 0 1 1  
 Eutrophic birch fen KoLK 7 25 0 0 1 2 1  
 Herb-rich type II* heathy peatland Rhtkg II 0 5 0 1 0 0 1  
 Paludified Vacc. myrtillus spruce 
forest

KgK 57 46 46 41 42 29 2  

 Vacc. myrtillus spruce swamp MK 42 2 54 27 67 50 2  
 Vacc. myrtillus type I* heathy 
peatland

Mtkg I 7 0 275 419 82 304 2  

 Herb-rich sedge fen RhSN 28 24 23 12 14 16 2  
 Eutrophic fen VL 18 40 1 1 0 1 2  
 Eutrophic flark fen RiL 45 0 0 0 1 0 2  
 Herb-rich flark fen RhRiN 42 9 4 2 5 17 2  
 Herb-rich sedge fen RhSN 20 80 20 69 13 146 2  
 Eutrophic pine fen VLR 22 2 4 4 4 3 2  
 Tall-sedge hardwood-spruce fen VSK 29 1 4 0 3 10 2  
 Vacc. myrtillus type II* heathy 
peatland

Mtkg II 1 19 166 231 13 112 2  

 Vacc. vitis-idaea spruce swamp PK 3 71 24 14 10 10 3  
 Spruce-pine swamp KR 4 40 37 49 27 161 3  
 Paludified pine forest KgR 32 58 105 123 46 41 3  
 C. globularis pine fen PsR 18 22 29 96 35 63 3  
 C. globularis spruce swamp PsK 6 44 4 1 0 0 3  
 Vacc. vitis-idaea type I* heathy 
peatland

Ptkg I 9 31 360 1265 62 902 3  

 Flark fen VRiN 16 3 7 10 4 16 3  
 Tall-sedge pine fen VSR 13 14 52 433 54 458 3  
 Cottongrass-sedge pine fen TSR 1 44 8 3 21 3 3  
 Tall-sedge fen VSN 64 40 56 20 54 40 3  
 Vacc. vitis-idaea type II* heathy 
peatland

Ptkg II 15 21 174 555 7 159 3  

 Dwarf scrub pine bog IR 4 0 192 912 72 96 4  
 Dwarf shrub type I* heathy peatland Yatkg I 1 17 91 864 28 476 4  
 Low-sedge S. papillosum fen LkKaN 17 14 31 7 103 22 4  
 Cottongrass pine bog TR 15 2 143 544 129 322 4  
 Low-sedge pine fen LkR 0 20 95 74 59 160 4  
 Dwarf shrub type II* heathy peatland Yatkg II 0 0 0 9 0 0 4  
 S. fuscum pine bog RaR 18 311 464 1014 41 60 5  
 C. adina type I* heathy peatland Jätkg I 0 65 4 70 0 10 5  
 S. fuscum bog RaN 55 16 138 24 13 2 5  
 Ridge-hollow pine bog KeR 1 68 150 42 24 2 5  
 Low-sedge bog LkN 25 106 140 33 144 36 5  
 C. adina type II* heathy peatland Jätkg II 0 31 0 1 0 0 5  
 Peatland agricultural field – 0 0 1 157 0 7 NA  
 Abandoned field on peat soil – 20 0 31 97 0 13 NA  
 Mineral soil** – 0 0 198 293 274 453 NA  
Notes: * Type I indicates heathy peatland that was naturally wooded in its original state (before draining), whereas Type II indicates heathy peatland that was originally open or 
hybrid (open/wooded) mire.
** Mineral soils observed in the field but mapped as peatland in the topographic database.
*** Fertility class (FL): 1 = eutrophic, 2 = mesotrophic, 3 = oligotrophic tall sedge type, 4 = oligotrophic low sedge type, and 5 = ombrotrophic.
mitigate the noise effect, especially in SO and EF study areas, this work 
first used all the processed S-1 coherence image pairs to calculate pixel-
wise maximum and average values of both VV and VH polarizations, as 
well as their ratio. Then, we applied ‘‘deepdespeckling’’ Python pack-
age, which offers a powerful solution through two DL-based models: 
MERLIN and SAR2SAR, tailored to different S-1 data products (Dalsasso 
et al., 2022, 2021). Fig.  3 shows an example of the results of applying 
the despeckling method.

Beyond preprocessing, GeoFusion itself enhances robustness. The 
attention-based modules effectively capture long-range dependencies 
across images, enabling the model to understand noisy or spectrally 
variable pixels within a broader spatial context (Perera et al., 2022). 
This capability helps diminish the impact of random fluctuations that 
5 
lack spatial coherence. However, it is important to note that spec-
tral variability stemming from phenological shifts, fluctuations in soil 
moisture, or atmospheric effects remains a significant challenge. While 
GeoFusion addresses some aspects of this issue through multimodal 
fusion of SAR and optical data, it does not specifically model spec-
tral variability by incorporating variability terms directly into the 
representation.

3.4. GeoFusion

This study aims to develop a standard model to handle multi-modal 
feature fusion for peatland classification. GeoFusion architecture is a 
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Fig. 4. Overview of Geofusion architecture.
three-stream hybrid CNN-Transformer framework (see Fig.  4) designed 
for pixel-wise classification of peatland site types and fertility levels, 
leveraging both S-1 and S-2 imagery. While we present the architecture 
with three branches in this instance, GeoFusion is flexible and can 
support as many modules as necessary, depending on the number of 
available data sources. These branches process S-1 coherence, S-1 inten-
sity, and S-2 reflectance rasters. Each branch processes a distinct input 
modality or feature stream, with each input patch covering a 5 × 5 
spatial window centered on the target pixel. To enhance generalization, 
a data augmentation layer (⋅) is applied independently to each input 
stream.

𝐗̃𝑖 = (𝐗𝑖), 𝐗𝑖 ∈ R𝐶𝑖×5×5

where 𝐗𝑖 denotes the 𝑖th modality input patch with 𝐶𝑖 channels, 
𝐗̃𝑖 is the augmented patch, and () represents the stochastic data 
augmentation function.

Following augmentation, a Conv2D layer extracts fine-grained local 
spatial patterns from each branch, producing shallow feature maps. 
These are then passed through a patch embedding module, which 
flattens the feature maps and projects them into a 𝑑-dimensional latent 
space via a learnable projection matrix 𝐄𝑝. A learnable classification 
token 𝐱CLS is prepended to the sequence.
𝐙(0)
𝑖 = [𝐱CLS;𝐄𝑝 ⋅ vec(𝐗̃𝑖)]

where vec(⋅) denotes vectorization, 𝐄𝑝 ∈ R𝑑×(𝐶𝑖⋅5⋅5) is the patch em-
bedding projection matrix, and [⋅; ⋅] indicates concatenation along the 
sequence dimension.

Each embedded sequence is processed by a modality-specific ViT 
encoder consisting of two Transformer layers. Each layer begins with 
Layer Normalization, followed by a Multi-Head Self-Attention (MHSA) 
operation with ℎ heads to capture long-range spatial dependencies.
𝐙(𝓁)′
𝑖 = MHSA(LN(𝐙(𝓁−1)

𝑖 )) + 𝐙(𝓁−1)
𝑖

where 𝓁 denotes the Transformer layer index, LN() is layer normaliza-
tion, and the residual connection adds the MHSA output to the layer 
input for stable gradient flow.

The MHSA output is followed by a second Layer Normalization 
and a feed-forward MLP block, with residual connections, dropout, and 
stochastic depth for regularization.
𝐇 = MLP(LN(𝐙(𝓁)′ )) + 𝐙(𝓁)′
𝑖 𝑖 𝑖
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where MLP() consists of two fully connected layers with non-linear 
activations, and 𝐇𝑖 is the final encoded representation for modality 𝑖.

From each branch, the output CLS token is concatenated with 
spatially pooled patch embeddings to create a compact token repre-
sentation. These tokens from all four branches form the input to a 
cross-modal attention block, which aligns features across S-1, S-2, and 
other complementary modalities.
 = {[𝐳CLS𝑖 ; 𝐳spatial𝑖 ]}4𝑖=1, 𝐟 = CrossModalAttn( )

where 𝐳CLS𝑖  is the CLS token of branch 𝑖, 𝐳spatial𝑖  is the pooled spatial 
token for branch 𝑖,   is the set of fused tokens from all branches, and 
CrossModalAttn() is the cross-modal multi-head attention operator.

The fused representation 𝐟 is passed through a fully connected layer 
with eight output neurons, corresponding to the number of peatland 
classes, followed by a Softmax activation to produce the final proba-
bility distribution 𝐲̂. This classification block, serving as the final stage 
of GeoFusion, assigns each neuron’s output as the predicted probability 
of its respective class. The class with the highest probability is selected 
as the final prediction of the model for the input patch, enabling 
multi-class peatland classification.
𝐲̂ = Sof tmax(𝐖𝑐 𝐟 + 𝐛𝑐 )

where 𝐖𝑐 ∈ R𝐾×𝑑 and 𝐛𝑐 ∈ R𝐾 are the weights and biases of the 
classifier, 𝐾 = 8 is the number of classes, and 𝐲̂ ∈ R𝐾 contains the 
predicted class probabilities.

This mechanism, meaning fusing CNN-based local feature extraction 
with Transformer-based global context modeling, GeoFusion enables 
capturing both fine-scale peatland textures and long-range ecological 
dependencies. In addition, this multi-branch fusion approach ensures 
that complementary spatial spectral, backscatter and coherence in-
formation are jointly exploited, resulting in improved classification 
robustness across diverse peatlands.

3.5. Implementation details

We compared the proposed GeoFusion models with our previous 
CNN and Encoder-Decoder (ED) models as presented in Farahnakian 
et al. (2023b) and Zelioli et al. (2024), respectively. Additionally, this 
work also compared GeoFusion to three more famous DL-based archi-
tectures: ViT-UNet (Zhou et al., 2024), Swin (Jamali and Mahdianpari, 
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2022), and DeiT. These Transformer-based models are adjusted based 
on peatland classes in this work. For this purpose, the input data were 
pre-processed and divided into patches of 5 × 5 pixels for all models. 
In addition, the final classification layers of all models were modified 
to perform pixel-wise classification, matching the number of peatland 
classes for both site type and fertility level prediction tasks.

To ensure fair comparison, all models were implemented under 
identical experimental settings. Each model was trained using the same 
training and validation datasets. We also used the same computational 
setup included an Intel i9-14900KS processor, 192 GB (4 × 48 GB) 
of RAM, and a NVIDIA RTX 5090 GPU with 24 GB of memory. We 
implemented the framework using Python 3.9, along with TensorFlow 
2.9.1. Both training and inference of all models were carried out on the 
same machine.

In our implementation of the GeoFusion architecture, we utilized 
eight transformer layers for each data stream, with each layer employ-
ing eight attention heads and a model dimensionality of 64. The input 
data encoded using a learnable patch embedding of 64 dimensions. The 
concatenated outputs from the three streams were further processed 
through two dense layers with 16 and 8 neurons and ReLU activations, 
followed by dropout regularization with a rate of 0.1 to mitigate 
overfitting.

A categorical cross-entropy loss function was used for classification 
as: 

𝐿 = − 1
𝑁

𝑁
∑

𝑖=1

𝐶
∑

𝑐=1
𝑦𝑖,𝑐 log 𝑝̂𝑖,𝑐 (1)

where 𝑁 is the number of samples, 𝐶 is the number of classes. 𝑦𝑖,𝑐 is 
the binary indicator (0 or 1) if class label 𝑐 is the correct classification 
for sample 𝑖, 𝑝̂𝑖,𝑐 is the predicted probability of sample 𝑖 being class 𝑐.

The compared models were implemented following their original 
configurations as closely as possible. For example, all models are opti-
mized with Adam. Learning rates, batch sizes, epochs, and patch sizes 
are provided in Tables  3. We also apply data augmentations suited 
to multi-sensor stacks like random flips/rotations. More details on the 
shared hyperparameters and the model-specific settings are provided in 
Tables  3 and 4.

4. Experiments

In this section, we present the results of our GeoFusion architecture 
for the classification of boreal peatlands in three study areas. We report 
the classification outcomes at two hierarchical levels: site type and 
fertility level.

4.1. Performance metrics

We selected three metrics commonly used in classification tasks, 
especially in the context of RS and land cover mapping.

1. Overall Accuracy (OA): Overall Accuracy quantifies the propor-
tion of correctly classified samples relative to the total number 
of samples across all classes. It serves as a global performance 
indicator of the classification models. OA is computed as:

OA =
∑𝑛

𝑖=1 𝑇𝑃𝑖
∑𝑛

𝑖=1(𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖)

where 𝑛 is the total number of classes, 𝑇𝑃𝑖 is the number of true 
positives for class 𝑖, 𝐹𝑃𝑖 is the number of false positives, and 𝐹𝑁𝑖
is the number of false negatives.

2. Average Producer’s Accuracy (PA): provides a single metric 
summarizing the classification performance from the producer’s 
perspective, indicating the overall reliability of the model in 
correctly classifying each class. The Average PA is the mean of 
the Producer’s accuracies for all classes:

PA = 1
𝑛
∑ 𝑇𝑃𝑖
𝑛 𝑖=1 𝑇𝑃𝑖 + 𝐹𝑁𝑖
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Table 3
Shared training hyperparameters across comparison models.
 Setting Value  
 Optimizer AdamW (𝛽1=0.9, 𝛽2=0.999, weight decay = 1×10−4) 
 Learning Rate (LR) 10−3  
 Batch size (tiles) 16  
 Epochs 200  
 Patch size 𝑃 5 pixels  
 Loss cross entropy  
 Augmentations Flip/rotate  

where 𝑛 is the number of classes, 𝑇𝑃𝑖 is the number of true 
positives for class 𝑖, and 𝐹𝑁𝑖 is the number of false negatives 
for class 𝑖.

3. Average User’s Accuracy (UA): also known as precision, mea-
sures the reliability of the classification for all classes from the 
user’s perspective:

UA = 1
𝑛

𝑛
∑

𝑖=1

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑃𝑖

where 𝐹𝑃𝑖 is the number of false positives for class 𝑖.

4.2. Performance comparison

Accuracy. The experimental results, as shown in Fig.  5, indicate 
that the proposed GeoFusion architecture consistently achieves the 
highest performance in classifying site types across all three peatland 
study areas, with accuracies ranging from approximately 68% to 76%. 
This marks a significant improvement compared to retrained baseline 
models (CNN and encoder–decoder models, both ≤31%) and state-
of-the-art transformer variants (ViT-UNet, DeiT, Swin). For instance, 
GeoFusion outperforms Swin by about 10% in the EF-Drained class 
(68.6% vs. 58.9%) and surpasses DeiT by approximately 20%. In SO, 
the advantage spans 9%–17% across transformer comparisons.

The accuracy of the fertility level classification (see Fig.  6) demon-
strates a consistent performance difference between GeoFusion and 
competing models. This increase highlights significant trends in the 
advantages of multi-modal fusion for ecological mapping. GeoFusion 
shows remarkable stability across diverse peatland conditions, main-
taining high overall accuracies above 73% in all classes, whereas other 
architectures exhibit greater variability, with some fertility categories 
dropping below 50% accuracy. The advantages of this architecture are 
clear in areas with subtle differences in fertility, such as EF-Undrained. 
By integrating features from S-1 and S-2, the model can pick up small 
details about vegetation and soil moisture that other models, like 
single-modality models or pure transformers, often miss.

PA and UA. Tables  5 and 6 summarize PA and UA metrics for 
both the site type and the fertility level classification, respectively. 
The results reveal that GeoFusion consistently achieves the highest PA 
and UA across the majority of classes, regions, and classification tasks, 
outperforming both CNN-based (baseline model) and transformer-based 
models. For PA (Table  5), GeoFusion scores range from 0.48 (EF-Site 
Type Drained) to 0.81 (Kemi–Fertility Level Drained), with a mean PA 
of 0.631, substantially higher than Swin (0.57), DeiT (0.47), ViT-UNet 
(0.450), CNN (0.32), and ED (0.13).

Similarly, in UA (Table  6), GeoFusion achieves a mean UA of 0.72, 
markedly higher than Swin (0.66), ED (0.42), DeiT (0.45), ViT-UNet 
(0.45), and CNN (0.31). In specific cases, such as Kemi–Fertility Level 
Drained (0.83) and Kemi–Site Type Drained (0.81), GeoFusion demon-
strates exceptional reliability, with minimal commission errors. Com-
peting transformer models, while occasionally competitive in isolated 
classes, exhibit greater variability across regions, suggesting weaker 
generalization. CNN and encoder–decoder baselines show substantial 
degradation, particularly for undrained fertility levels, reflecting a 
higher false-positive rate.
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Table 4
Model-specific architectural and training settings.
 Model Specifics  
 GeoFusion Dim = 64; heads = 8; two dense layers with 16 and 8 neurons.  
 CNN (Farahnakian et al., 2023b) Three-stream late fusion; each stream consists of two convolutional layers and 

two pooling layers; max-pooling with 2 × 2 kernel and stride = 1 after each 
convolution.

 

 ED (Zelioli et al., 2024) Encoder: two convolutional layers (10 and 20 filters) with ReLU and pooling 
(×2); decoder: transposed convolution for upsampling.

 

 DeiT Same input size as ViT; knowledge distillation with a CNN/strong teacher; 
distillation token enabled.

 

 Swin (Jamali and Mahdianpari, 2022) Window size = 5 or = 1, depth = 8; shifted-window attention; multi-scale 
outputs.

 

 ViT-UNet (Zhou et al., 2024) ViT encoder (dim = 256, depth = 128); UNet decoder with channels {512, 256}. 
Fig. 5. Accuracy heatmap based on site types — ST (drained and undrained) by architectures and targeted research areas.
Fig. 6. Accuracy heatmap based on fertility level — FL (drained and undrained) by architectures and targeted research areas.
In addition, we visualized the confusion matrix in Fig.  7 that shows 
the classification results for peatland fertility levels across the three 
study areas. For Kemi (Fig.  7(a) and 7(b)), the highest correct pre-
diction rates are observed for FL2 in the undrained dataset (0.87) 
and OSAF in the drained dataset (0.92), both benefiting from a larger 
number of training samples and distinctive spectral–textural signatures. 
In SO (Fig.  7(c) and 7(d)), FL5 in the undrained dataset (0.98) and FL4 
in the drained dataset (0.83) achieve the highest accuracy, reflecting 
strong separability in these categories. For EF (Fig.  7(e) and 7(f)), FL5 
(0.96) in the undrained dataset and FL3 (0.84) in the drained dataset 
lead in performance.

Across all regions, misclassification patterns reveal common chal-
lenges. In EF drained (Fig.  7(f)), notable confusion occurs between FL4 
and FL5, consistent with the high similarity of these classes in S-1 and 
8 
S-2 data during the acquisition period. Similarly, in SO undrained (Fig. 
7(c)), FL1 and FL2 are occasionally confused, which may be attributed 
to transitional vegetation zones where canopy composition and soil 
moisture properties overlap.

4.3. Model complexity

Tables  7 and 8 summarize the model complexity and computational 
efficiency for peatland classes across the three study areas. The results 
reveal several notable trends. First, the largest transformer model, ViT-
UNet, consistently exhibits the highest parameter count (16–17 M, 
∼64 MB) and the slowest inference times, exceeding 950 ms in all 
regions and surpassing 2 s in some undrained cases. In contrast, Geo-
Fusion maintains a moderate footprint (6–7 M parameters, 23–28 MB) 
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Table 5
The PA evaluation metrics for each architecture across three regions for fertility level and site types classification.
 Area Architecture Fertility level Site types
 Drained Undrained Drained Undrained 
 
SO

GeoFusion 0.68 0.65 0.52 0.62  
 CNN (Farahnakian et al., 2023b) 0.45 0.28 0.11 0.14  
 ED (Zelioli et al., 2024) 0.25 0.005 0.04 0.01  
 Swin (Jamali and Mahdianpari, 2022) 0.66 0.60 0.47 0.56  
 DeiT (Hinton et al., 2015) 0.49 0.70 0.25 0.51  
 ViT-UNet (Zhou et al., 2024) 0.63 0.53 0.25 0.31  
 
Kemi

GeoFusion 0.81 0.70 0.71 0.62  
 CNN (Farahnakian et al., 2023b) 0.74 0.64 0.35 0.28  
 ED (Zelioli et al., 2024) 0.27 0.21 0.10 0.23  
 Swin (Jamali and Mahdianpari, 2022) 0.66 0.62 0.62 0.59  
 DeiT (Hinton et al., 2015) 0.55 0.47 0.48 0.49  
 ViT-UNet (Zhou et al., 2024) 0.81 0.76 0.47 0.51  
 
EF

GeoFusion 0.57 0.64 0.48 0.57  
 CNN (Farahnakian et al., 2023b) 0.40 0.34 0.10 0.11  
 ED (Zelioli et al., 2024) 0.12 0.15 0.08 0.13  
 Swin (Jamali and Mahdianpari, 2022) 0.54 0.62 0.45 0.58  
 DeiT (Hinton et al., 2015) 0.56 0.43 0.43 0.33  
 ViT-UNet (Zhou et al., 2024) 0.40 0.41 0.10 0.22  
Table 6
The UA evaluation metric for each architecture across three regions for fertility level and site types classification.
 Area Architecture Fertility Level Site Types
 Drained Undrained Drained Undrained 
 
SO

GeoFusion 0.80 0.73 0.67 0.72  
 CNN (Farahnakian et al., 2023b) 0.35 0.23 0.13 0.16  
 ED (Zelioli et al., 2024) 0.42 0.008 0.67 0.72  
 Swin (Jamali and Mahdianpari, 2022) 0.74 0.69 0.59 0.65  
 DeiT (Hinton et al., 2015) 0.54 0.68 0.22 0.50  
 ViT-UNet (Zhou et al., 2024) 0.52 0.42 0.34 0.40  
 
Kemi

GeoFusion 0.83 0.74 0.81 0.69  
 CNN (Farahnakian et al., 2023b) 0.54 0.42 0.50 0.67  
 ED (Zelioli et al., 2024) 0.47 0.34 0.81 0.69  
 Swin (Jamali and Mahdianpari, 2022) 0.79 0.69 0.57 0.64  
 DeiT (Hinton et al., 2015) 0.58 0.44 0.43 0.41  
 ViT-UNet (Zhou et al., 2024) 0.70 0.64 0.59 0.61  
 
EF

GeoFusion 0.76 0.69 0.64 0.67  
 CNN (Farahnakian et al., 2023b) 0.26 0.21 0.16 0.16  
 ED (Zelioli et al., 2024) 0.05 0.17 0.64 0.61  
 Swin (Jamali and Mahdianpari, 2022) 0.73 0.64 0.66 0.64  
 DeiT (Hinton et al., 2015) 0.48 0.45 0.41 0.44  
 ViT-UNet (Zhou et al., 2024) 0.29 0.34 0.29 0.29  
while delivering inference speeds roughly three times faster than ViT-
UNet (e.g., 293.01 ms vs. 976.74 ms in Kemi, drained class), yet 
achieving superior accuracy in challenging categories such as EF–Soil 
Drained and Kemi–Fertility Undrained.

Secondly, although GeoFusion’s training time varies by region, rang-
ing from approximately 21 s in Kemi undrained to 224 s in SO drained, 
it remains significantly lower than ViT-UNet in most cases and offers 
richer multi-modal representation capacity than the lightweight CNN. 
Among Transformer-based models, Swin achieves the most efficient 
computation (1.3–2.4 M parameters, ∼5–9 MB) and inference speeds 
comparable to GeoFusion, but without matching its classification per-
formance.

4.4. Feature maps

Fig.  8 provides a domain-informed view of how GeoFusion extracts 
and integrates evidence in peatland scenes. Starting from the raw inputs 
(Fig.  8-a), the first convolutional layer (Fig.  8-b) consistently ampli-
fies linear drainage features, ecotonal boundaries, and micro-textures 
associated with hummock–hollow structure patterns that field studies 
identify as key discriminants of site type and fertility (Nungesser, 
2003). The tokenization stage (Fig.  8-c, d, and e) transitions from pixels 
to position-aware patch tokens: the content-only embedding (Fig.  8-e) 
9 
preserves local spectral and texture signatures, while the positional–
content delta (Fig.  8-d) is highest along ditch margins, string–flark 
edges, and stand transitions, indicating that spatial priors are actively 
exploited where class meaning depends on location and arrangement, 
not appearance alone. The attention maps then clarify where the model 
gathers evidence: local attention (Fig.  8-f) concentrates on boundary 
neighborhoods and moisture-sensitive textures typical of undrained 
fens, whereas global attention (Fig.  8-g) links distant, co-oriented struc-
tures (e.g., parallel drainage lines or string patterns) that ecologists 
recognize as landscape-scale hydrological organization.

4.5. Qualitative results

The prediction maps generated by the GeoFusion model for site type 
and fertility level classifications demonstrate the ability of the model 
to delineate different classes across study areas accurately. These maps 
provide visual confirmation of the model’s performance and highlight 
its effectiveness in capturing spatial variations in peatland characteris-
tics. The site type prediction maps, illustrated in Fig.  9, show the spatial 
distribution of various site types across the three study areas (Kemi, 
SO, and EF). Fig.  10 presents the prediction map for fertility level 
classification. This map illustrates the spatial distribution of different 
fertility levels, showcasing the detailed and accurate classification. For 



F. Farahnakian et al.

 
(a) 

  
(b) 

 

 
(c) 

  
(d) 

 

 
(e) 

  
(f) 

 

Fig. 7. The confusion matrix of GeoFusion for fertility level classification includes (a) Kemi undrained, (b) Kemi drained, (c) SO undrained, (d) SO drained, (e) 
EF undrained, and (f) EF drained.

Fig. 8. Feature-map progression for S-1 coherence, S-1 intensity, and S-2 streams: (a) input; (b) post-conv edge/texture maps; (c) token+position embeddings; 
(d) positional–content delta (spatial prior gain); (e) content-only tokens; (f) local attention (windowed heads); (g) global attention (rollout across layers).
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Table 7
Model complexity across areas for the drained class.
 Area Model Total parameters Estimated total size (MB) Training (s) Inference (ms) 
 
SO

GeoFusion 7,260,701 27.70 224.0 474.74  
 CNN (Farahnakian et al., 2023b) 273,280 0.92 97.34 180.61  
 ED (Zelioli et al., 2024) 12,108,112 46.19 106.06 235.00  
 Swin (Jamali and Mahdianpari, 2022) 2,357,121 8.99 150.87 511.77  
 DeiT 8,433,275 32.17 300 1068.98  
 ViT-UNet (Zhou et al., 2024) 16,715,555 63.76 454.49 1859.51  
 
Kemi

GeoFusion 6,000,889 22.89 34.41 293.01  
 CNN (Farahnakian et al., 2023b) 1,622,496 6.19 32.87 141.08  
 ED (Zelioli et al., 2024) 13,866,055 52.89 19.75 147.91  
 Swin (Jamali and Mahdianpari, 2022) 1,349,151 5.15 23.09 303.34  
 DeiT 4,825,399 18.41 44.34 577.64  
 ViT-UNet (Zhou et al., 2024) 9,558,259 36.46 61.40 976.74  
 
EF

GeoFusion 7,268,925 27.73 89.42 293.28  
 CNN (Farahnakian et al., 2023b) 237,280 0.92 33.87 95.85  
 ED (Zelioli et al., 2024) 1,220,528 4.66 36.35 119.28  
 Swin (Jamali and Mahdianpari, 2022) 2,385,825 9.10 59.53 305.57  
 DeiT 8,434,331 32.17 108.28 580.03  
 ViT-UNet (Zhou et al., 2024) 16,716,611 63.77 151.22 956.98  
Table 8
Model complexity across areas for the undrained class.
 Area Model Total parameters Estimated total size (MB) Training (s) Inference (ms) 
 
SO

GeoFusion 7,263,271 27.71 105.76 475.76  
 CNN (Farahnakian et al., 2023b) 273,280 0.92 47.26 163.25  
 ED (Zelioli et al., 2024) 1,498,544 49.19 5.76 233.82  
 Swin (Jamali and Mahdianpari, 2022) 2,366,091 9,03 71.74 512.70  
 DeiT 8,433,605 32.17 146.13 1066.55  
 ViT-UNet (Zhou et al., 2024) 16,715,885 63.77 222.93 2043.43  
 
Kemi

GeoFusion 6,002,945 22.90 20.93 297.36  
 CNN (Farahnakian et al., 2023b) 1,622,496 6.19 13.85 141.89  
 ED (Zelioli et al., 2024) 13,866,127 52.90 12.66 159.89  
 Swin (Jamali and Mahdianpari, 2022) 1,353,255 5.16 14.89 303.64  
 DeiT 4,825,663 18.41 29.39 580.66  
 ViT-UNet (Zhou et al., 2024) 9,558,559 36.46 42.18 972.87  
 
EF

GeoFusion 5,908,317 22.54 20.93 294.78  
 CNN (Farahnakian et al., 2023b) 237,280 0.92 14.00 96.88  
 ED (Zelioli et al., 2024) 1,220,591 4.66 15.90 129.20  
 Swin (Jamali and Mahdianpari, 2022) 1,347,843 5.14 25.40 304.99  
 DeiT 4,815,003 18,37 47.31 574.77  
 ViT-UNet (Zhou et al., 2024) 9,547,899 36.42 68,01 976.11  
both maps, we illustrate the maps for three selected subsections of each 
study area.

5. Discussion

5.1. Observations and findings

The integration of multi-modal RS data with advanced DL-based 
architectures offers a promising pathway for mapping complex ecosys-
tems such as boreal peatlands. In this study, we proposed GeoFusion, 
a dual-branch CNN-Transformer fusion network that jointly processes 
S-1 (SAR) and S-2 optical imagery to enhance feature extraction for 
pixel-wise classification of peatland at two levels: fertility level and 
site type. The experimental design of this work followed the Finnish 
peatland classification framework (Laine et al., 2018), with evaluations 
conducted across three heterogeneous study areas in Finland: SO, Kemi, 
and EF, each presenting distinct hydrological, peatland vegetation, land 
use, and training data availability. The key findings from this research 
are as follows:

• The results revealed that Geofusion could significantly improve 
both accuracy and class-specific accuracies (PA and UA) for all 
three sites. For fertility-level classification, GeoFusion achieved 
accuracies of 85.2%, 82.7%, and 78.9% for EF, Kemi, and SO, 
respectively, representing gains of 8%–20% over Swin and DeiT, 
11 
and up to 30% over the retrained CNN. In the site types classes, 
GeoFusion’s advantage was similarly clear, with performance 
improvements of 9%–17% over Swin and 15%–22% over DeiT 
in the categories, such as EF–Site type Drained and SO–Site type 
Undrained.

• GeoFusion demonstrated strong cross-site stability, maintaining 
accuracy variations within 6% across the three sites, suggesting 
robust domain generalization despite ecological variability of 
peatlands. However, the gains were not uniform; performance in 
EF’s site type categories was comparatively lower (e.g., 68.6% 
for Drained, 70.3% for Undrained) due to high intra-class sim-
ilarity in the RS data, seasonal phenological overlap, and class 
imbalance.

• Across nearly all sites, GeoFusion achieved higher PA and UA 
than other DL and Transformer-based models. For instance, in 
Kemi–Fertility Drained, GeoFusion’s PA reached 0.81 compared 
to Swin’s 0.66 and DeiT’s 0.55. This indicates that GeoFusion’s at-
tention layers implicitly learn to down-weight noisy or redundant 
modality-specific tokens and focus on discriminative patterns. It 
means that the model is performing an internal form of adaptive 
feature selection that could reduce the need for manual pre-
filtering of input features, a valuable capability for large-scale 
automated monitoring.

• Performance variations relate to class imbalance and spectral 
similarity. Despite overall gains, GeoFusion’s PA drops in certain 
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Fig. 9. (a) Keminmaa, (b) Southern Ostrobothnia, and (c) Eastern Finland. Details of the prediction map for three subregions (1–3) can be compared between 
drained and undrained.
EF site type classifications (Drained: 0.48, Undrained: 0.57). This 
is likely due to strong similarity between some site types, where 
vegetation and surface moisture conditions are similar, reducing 
the contrast in both SAR backscatter/coherence and reflectance. 
Class imbalance in these subsets, evident in Table  2, may also 
bias the model towards dominant classes by lowering omission 
performance for underrepresented categories. Furthermore, fine-
scale spatial heterogeneity in EF may limit the discriminative 
benefit of patch-level token fusion, increasing confusion between 
ecologically similar classes.

• Model complexity interacts with training sample availability. Our 
complexity analysis shows that GeoFusion maintains a parameter 
count (6–7M) that balances representational capacity and compu-
tational efficiency, requiring far fewer resources than ViT (16M+) 
while outperforming smaller CNN baselines. However, model ca-
pacity must be interpreted in light of available training data: large 
models such as ViT struggled in low-sample categories due to 
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insufficient data-to-parameter ratios, leading to unstable PA/UA 
scores. In contrast, GeoFusion’s intermediate complexity allows it 
to generalize better in small-to-moderate sample regimes while 
still capturing fine-grained patterns in large-sample classes. This 
relationship underscores the need to align model complexity with 
dataset size and distribution to optimize mapping performance.

• The feature maps in Fig.  8 indicate that GeoFusion’s perfor-
mance gains arise from the deliberate coupling of CNN-derived 
local detail with Transformer-based global context, precisely over 
peatland structures that practitioners rely on for mapping and 
validation. Panels (a–g) show a clear progression of abstraction: 
early convolutions emphasize edges and micro-texture (Fig.  8-b); 
tokenization introduces spatial priors and yields position-aware 
representations (Fig.  8 c–e); and the attention modules aggre-
gate evidence across scales—focusing locally near boundaries and 
coherently linking distant, semantically related regions (Fig.  8 
f–g).
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Fig. 10. Prediction map of fertility level for (a) Keminmaa, (b) Southern Ostrobothnia, and (c) Eastern Finland. Details of the prediction map for three subregions 
(1–3) can be compared between drained and undrained.
• The consistent performance of GeoFusion across various ecolog-
ically distinct boreal peatland regions indicates its potential for 
broader application in national or circumpolar peatland mon-
itoring. However, further research should focus on addressing 
sensitivity to class imbalance, possibly through methods such as 
focal loss, class-aware sampling, or synthetic minority oversam-
pling. Furthermore, incorporating multi-seasonal optical and SAR 
data could help reduce the spectral-textural ambiguity in classes 
that are sensitive to phenological changes.

• GeoFusion’s ability to generalize across ecologically distinct sites 
without major performance degradation shows its cross-modal 
representations are transferable. This makes it a strong candidate 
for foundational model pretraining in boreal peatland contexts. 
13 
Additionally, we plan to fine-tune models trained on Finnish 
peatlands to classify peatlands in other regions with minimal 
retraining.

Overall, our findings show that accurate peatland pixel-level clas-
sification requires combining different types of satellite RS data with 
models that capture both local and global features by combination of 
CNN and ViT.

5.2. Limitations

GeoFusion is constrained by several limitations that highlight direc-
tions for future improvement. First, the limited availability of labeled 
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training samples, especially for undrained peatland site types, restricts 
the model’s ability to learn distinctive spectral–textural patterns. Se-
vere class imbalance further amplifies this issue, lowering accuracy 
in minority categories. Addressing these challenges will require ad-
vanced data augmentation strategies and the generation of synthetic 
minority samples through diffusion-based generative models (Liu et al., 
2024; Sebaq and ElHelw, 2024), alongside large-scale self-supervised 
pretraining on unlabeled RS data to enhance feature robustness.

Second, peatland ecosystems are inherently dynamic, with seasonal 
vegetation cycles, hydrological fluctuations, and human interventions 
driving spatio-temporal variability. The current model does not ex-
plicitly capture these dynamics, and its reliance on C-band SAR (S-
1) and optical imagery (S-2) introduces sensor-specific limitations: 
SAR backscatter struggles under dense canopies, while optical data 
is sensitive to cloud cover and cannot penetrate vegetation layers. 
Expanding GeoFusion to integrate multi-temporal observations, L-band 
SAR, LiDAR, or hyperspectral imagery could mitigate these constraints.

Finally, GeoFusion does not explicitly model spectral variability 
(e.g., endmember shifts caused by illumination or soil moisture
changes), which may introduce additional uncertainty in classification. 
Future work could draw on spectral-variability-aware formulations 
such as Augmented Linear Mixing Model (ALMM) (Hong et al., 2018) to 
better capture intra-class spectral diversity when applied to multimodal 
fusion. Moreover, Transformer-based fusion introduces high computa-
tional costs for large-scale, high-resolution datasets, which may hinder 
operational scalability without further optimization, model pruning, or 
compression techniques.

6. Conclusion

Peatland ecosystems present an intricate mapping challenge due 
to their high spatial heterogeneity, similarity between classes, and 
dynamic seasonal variability. Accurately predicting both ecological 
site types and fertility levels at a national scale requires models ca-
pable of capturing fine-grained local features while also integrating 
broader spatial–contextual patterns. In this study, we introduced Ge-
oFusion, a hybrid deep learning architecture that unites the localized 
feature extraction strengths of CNNs with the global contextual model-
ing of Transformers, enabling effective fusion of multi-source geospatial 
datasets, including optical and SAR imagery. This design was particu-
larly effective for pixel-level classification of 40 site type classes and 7 
fertility levels in boreal peatland, showing consistent improvements. To 
evaluate the effectiveness of the proposed architecture, we compared 
it with well-known DL and Transformer-based models: CNN, ED, Swin, 
and DeiT. Experiments conducted across three study areas in Finland 
demonstrated that GeoFusion outperforms the other models.

Despite inherent challenges such as class imbalance and the gra-
dational nature of peatland classes, which can be captured with RS 
data only partially, GeoFusion achieved high accuracy across diverse 
ecological conditions, with notably high performance in fertility-level 
classification and competitive results for site-type mapping in both 
drained and undrained peatlands. The intermediate complexity of the 
model allowed it to balance representational capacity and computa-
tional efficiency, supporting scalability to large-area mapping. These 
results confirm that integrating optical and SAR modalities through a 
precisely designed fusion architecture can significantly advance opera-
tional peatland monitoring.
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