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Abstract: National Forest Inventories (NFIs) provide valuable land cover (LC) information

but often lack spatial continuity and an adequate update frequency. Satellite-based remote

sensing offers a viable alternative, employing machine learning to extract thematic data.

State-of-the-art methods such as convolutional neural networks rely on fully pixel-level

annotated images, which are difficult to obtain. Although reference LC datasets have been

widely used to derive annotations, NFIs consist of point-based data, providing only sparse

annotations. Weakly supervised and self-supervised learning approaches help address

this issue by reducing dependence on fully annotated images and leveraging unlabeled

data. However, their potential for large-scale LC mapping needs further investigation.

This study explored the use of NFI data with deep learning and weakly supervised and

self-supervised methods. Using Sentinel-2 images and the Portuguese NFI, which covers

other LC types beyond forest, as sparse labels, we performed weakly supervised semantic

segmentation with a convolutional neural network to create an updated and spatially

continuous national LC map. Additionally, we investigated the potential of self-supervised

learning by pretraining a masked autoencoder on 65,000 Sentinel-2 image chips and then

fine-tuning the model with NFI-derived sparse labels. The weakly supervised baseline

achieved a validation accuracy of 69.60%, surpassing Random Forest (67.90%). The self-

supervised model achieved 71.29%, performing on par with the baseline using half the

training data. The results demonstrated that integrating both learning approaches enabled

successful countrywide LC mapping with limited training data.

Keywords: land cover; deep learning; convolutional neural networks; masked autoencoder;

national forest inventory; sentinel-2

1. Introduction

Land cover is a descriptor of the Earth’s surface, an important climate variable [1,2]

and crucial for the study of the environment [3]. Land cover information is essential

for environmental modeling, resource management [4,5] and understanding territorial

dynamics [6]. Further societal benefits include areas such as agriculture and disaster

management [7].

National Forest Inventories (NFIs) provide valuable land cover information focusing

on forest resources. NFIs collect data to produce reliable statistics and cartography at
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the national level. However, forest inventories only collect data sparsely in the form of

points [8] or small plots [9,10] and normally with long time intervals, e.g., every 10 years.

Therefore, NFI land cover information lacks the temporal frequency and continuous spatial

coverage needed for many applications.

Remote sensing has emerged as an effective method for deriving timely and spatially

continuous land cover information, as it provides adequate spatial coverage and systematic

observations [11,12]. The extraction of thematic land cover information from satellite data

has relied on advanced machine learning techniques, with supervised methods being the

most widely used [13,14]. These methods require training samples to perform semantic

segmentation, which consists of assigning a class to each pixel in an image. NFIs have

been used to provide training data for pixel-level land cover classification [9,15,16]. Given

the sparse nature of NFI data, most studies have adopted classifiers that treat each pixel

independently, such as Random Forest [9,15,17] and Support Vector Machines [18]. Unlike

pure pixel-level classifiers, deep learning convolution-based methods leverage the spatial

context between neighboring pixels to learn spatial features, leading to improved classifica-

tion accuracy [19–22]. Notable network architectures include DeepLab [23], PSPNet [24],

Feature Pyramid Networks (FPN) [25] and U-Net [26], which can be coupled with distinct

backbones, such as ResNet, VGG [27] or ConvNext [28]. These methods, however, need

fully annotated images, which can be costly and hard to obtain, especially for complex

tasks such as land cover classification.

To address the challenges associated with acquiring training data, alternative ap-

proaches such as weakly supervised and self-supervised learning have been proposed.

Weakly supervised approaches reduce the reliance on fully annotated training images by

using incomplete or inexact annotations, such as points or image-level labels [29]. Self-

supervised learning also tackles this problem by distilling representative features from

unlabeled data, which are largely available in the Earth Observation (EO) domain [30].

Both methods have shown encouraging results in settings with limited training data [31,32].

However, their potential for large-scale land cover mapping is yet to be investigated.

In this study, we explore how dated, point-based NFI data can be used in conjunction

with deep learning and weakly supervised and self-supervised learning techniques to

produce an updated and spatially continuous national land cover map. For model training

and validation, we select four Sentinel-2 tiles representative of the Portuguese landscape.

We use land cover data from a regular grid of points of the Portuguese NFI, which in-

cludes not only forest but other non-forest land cover types, to serve as sparse labels for

a weakly supervised semantic segmentation with a convolutional neural network and

multi-temporal Sentinel-2 data. We use a U-Net architecture based on the ConvNext-V2

model, a modernized version of a standard ResNet. We develop an extensive preprocess-

ing protocol to ensure the NFI provides clean and reliable labels. In addition, this study

evaluates the potential of self-supervised learning, represented by a masked autoencoder

(MAE), to improve the weakly supervised model’s performance. We pretrain a ConvNext-

V2-based MAE on over 65,000 Sentinel-2 image chips systematically sampled within our

representative areas. Then, the pretrained model is fine-tuned using the sparse labels

provided by the NFI. By integrating NFI data—widely available in many countries—with

weakly supervised and self-supervised learning, our study offers a novel approach to

overcome the practical limitations in training data availability for land cover mapping with

convolution-based models. We expect to demonstrate how such integration is possible and

to what extent it can produce more accurate national-scale land cover maps.

The subsequent sections of this paper are structured as follows: Section 2—Related

Works, Section 3—Data and Study Area, Section 4—Methods, Section 5—Results and

Discussion and Section 6—Conclusion.
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2. Related Works

2.1. Training Data for Land Cover Classification

Different data sources and strategies have been used to collect training data for land

cover classification [33]. Studies have used distinct pre-existing land cover products to

collect training data autonomously, including land cover maps [11,34,35] and point-based

datasets [36,37]. To ensure the acquisition of accurate samples, various cleaning protocols

have been proposed, such as intersecting different reference datasets [35,38], creating

spectral threshold filters [11] and removing areas where changes may have occurred [39].

NFIs have also been used as a source of training data [9,15]. These datasets normally

provide information in the form of a regular grid of circular plots. In most approaches,

individual pixels inside the plots are extracted to train pixel-based classifiers, with Random

Forest being the predominant choice [17,40]. In terms of scope, studies using NFI data

were often limited to country-scale mapping of forest species, not including non-forest land

cover classes [41,42].

2.2. Weak Supervision for Semantic Segmentation of Land Cover

Weakly supervised learning encompasses three approaches: incomplete, inexact and

inaccurate supervision [29]. Incomplete supervision refers to learning with a small, insuffi-

cient number of labels, such as a few points or pixels per image [43]. Inexact supervision

relates to using labels from a higher aggregation level, such as image-level labels or pixels

with a lower resolution [44,45]. Inaccurate supervision means learning from noisy, erro-

neous labels [24,46]. In the EO domain, most studies have focused on inexact supervision,

using image-level [32,47,48] or lower-resolution annotations [49]. Incomplete supervision

using point-based [50] and sparse, partial pixel-level annotation [51] has shown encourag-

ing results. Further research on this approach is needed, as it can benefit from sparse labels

derived from reference datasets, such as NFIs.

2.3. Masked Autoencoders

Masked autoencoders (MAEs) are self-supervised pretraining techniques based on

masked image modeling, where models are taught to reconstruct masked image patches,

thereby learning useful image representations for downstream tasks such as classification

and semantic segmentation [52]. Initially designed for transformer architectures [53], recent

approaches have managed to successfully integrate MAEs with modern convolution-based

networks [54]. In the EO domain, research on MAEs has gained momentum but remains

very incipient. Adaptations to transformer-based MAEs were proposed, considering the

multispectral and multi-temporal characteristics of EO data [55,56]. Multi-modal EO data

including optical, SAR, temperature, precipitation and geolocation were used to pretrain

convolution-based multi-pretext task MAEs [57]. Experiments with benchmark datasets

have shown encouraging results [58]. These studies have consistently shown that fine-

tuning pretrained MAEs leads to higher accuracy compared with training from scratch.

However, the potential of MAE pretraining for typical large-scale EO downstream tasks,

such as semantic segmentation for national land cover mapping, is yet to be explored.

3. Data and Study Area

3.1. National Forest Inventory

The National Forest Inventory (NFI) is a database of statistics and cartography that

characterizes the forest resources in Portugal. In this study, we used data from the sixth and

most recent NFI (NFI6), which corresponds to the reference year 2015 [8]. Data collection

for the NFI is based on a two-stage sampling process. The first stage aims to characterize

the territory’s land use and land cover, using a sample that consists of a regular grid of
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points spaced 500 m apart, covering the whole territory of continental Portugal. These

points, referred to as photo-points, total approximately 360,000. The second stage aims to

evaluate vegetation parameters at the forest stand level, based on fieldwork conducted in a

sample of approximately 12,000 locations. Since our focus was on land cover classification,

we used data from the first stage only.

The photo-points were characterized according to predefined land use and land cover

nomenclature, covering both forest and non-forest classes, and four attributes: stand type,

percentage of tree cover, understory and patch dimension. Stand type, percentage of cover

and understory are attributes unique to photo-points whose land use is forest. This process

was based on the interpretation of 30 cm aerial images from 2015. Each photo-point was

classified based on the interpretation of the patch of land where the photo-point occurs.

The NFI defines patch of land as a portion of land with an area equal to or greater than

5000 m² and average width equal to or greater than 20 m, encompassing a homogeneous

area in terms of land use and land cover [8].

3.2. Satellite Data

Image acquisition, preprocessing and composite generation followed the methodology

described in [59]. Sentinel-2 images with less than 50% cloud cover were acquired from the

Theia Land Data Centre for the agricultural year of 2023 (October 2022 to September 2023).

These images were processed with the MAJA algorithm, a method known for producing

accurate cloud and cloud shadow masks [60,61]. We used MAJA’s mask to convert masked

pixels to missing data.

We used all the Sentinel-2 bands, except bands 1, 9 and 10, which are primarily

useful for atmospheric studies. Bands acquired at a 20 m and 60 m spatial resolution

were disaggregated to 10 m, creating images with a uniform pixel size across all bands.

Additionally, we computed five spectral indices: the Normalized Difference Vegetation

Index (NDVI), Normalized Burn Ratio (NBR), Normalized Difference Water Index (NDWI),

Normalized Difference Built-up Index (NDBI) and Normalized Difference Middle Infrared

Index (NDMIR).

Images and spectral indices were used to create 12 monthly composites for the agri-

cultural year of 2023, based on the median value of the monthly observations. A linear

interpolation was conducted to fill the gaps caused by the absence of month-long cloud-free

observations. By summing the 12 monthly composites for 10 bands and 5 spectral indices,

we obtained 180 features for the pixel-level classification.

A time series of images from Landsat 5, 7 and 8 available on the Google Earth Engine

catalog was used to compute a change mask with a change detection algorithm available on

the same platform (Section 4.2.4). We selected surface reflectance images (Level 2 Collection

2 Tier 1) with less than 30% of cloud cover from January 2005 to September 2023. Cloud-

contaminated and defective pixels were masked using the quality assessment bands. The

selected Landsat bands were blue, green, red, near infrared and shortwave infrared 1 and 2.

We also computed the spectral indices NDVI and NBR.

3.3. Auxiliary Data

A digital terrain model (DTM) of the Portuguese territory at a 25 m spatial resolution

was also used. We included the elevation of the DTM as a classification feature, hence

reaching a final number of 181 classification features for the pixel-level classification.

As part of our NFI filtering strategy, we relied on a sample of 3 × 3 pixel windows with

the NFI photo-point representing the central pixel. A stratified sample of 1700 windows

was created and manually annotated based on the visual interpretation of high-resolution

orthophotos and Sentinel-2 images. We labeled each window as homogeneous or non-
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homogeneous. This first sample encompassed all the primary land cover classes except

for urban. A second sample of 165 windows corresponding to urban land cover was

created. Such a separation is justified as urban produces windows of lower uniformity,

therefore demanding special treatment. An example of the annotated windows is exhibited

in Appendix A.

Additionally, the Copernicus High-Resolution Layer (HRL) Dominant Leaf Type

(DLT) for the 2018 reference year was used to filter the NFI photo-points. The HRL DLT

product provides information at a 10 m spatial resolution derived from Sentinel-2 time

series regarding the dominant leaf type in a pixel, discriminating between broadleaved and

coniferous [62].

For the accuracy assessment, we used a stratified random sample with 1009 sampling

units designed to validate past official land cover maps, which was updated to serve as the

reference for the year of 2023. We refer to this dataset as an independent validation dataset.

3.4. Study Area

Our study area encompasses the territory of continental Portugal, as our ultimate goal

is to create a national land cover map. For training and validating our machine learning

models, we selected specific regions referred to as sample areas (Figure 1).

ffi

 

Figure 1. Study area and location of sample areas used for model training and validation.

The sample areas are aligned with Sentinel-2 tiles, namely, tiles 29SNB, 29SNC, 29TNE

and 29TPF, and represent the diversity of the Portuguese landscape. They comprise forest-

rich regions with an abundance of maritime pine and eucalyptus, cork and holm oak

agroforestry systems, intensive agriculture, orchards and shrubs.

4. Methods

The objective of our study was to create a land cover map of continental Portugal

at a 10 m spatial resolution for the agricultural year of 2023. To accomplish this goal, we
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used NFI data to provide labels for a training dataset used for semantic segmentation, i.e.,

pixel-level classification, of land cover.

4.1. Definition of Land Cover Nomenclature

The land cover nomenclature was defined based on prior national land cover prod-

ucts, the availability of sufficient NFI photo-points and compatibility with satellite-based

classification. We used two nomenclatures with different aggregation levels [63], one for

the training and validation of the machine learning models and the other for the final

map (Table 1).

Table 1. Map and training nomenclature. All the training classes correspond to original NFI classes,

except for shrubland and non-vegetated surfaces, which derive from the NFI classes in parentheses.

Map Class Training Class

Urban Urban

Winter crops Winter crops

Summer crops
Summer crops
Rice fields

Other agriculture

Orchards
Vineyards
Olive trees
Irrigated pastures

Cork and holm oak
Cork oak
Holm oak

Eucalyptus Eucalyptus

Other broadleaf
Oaks
Other broadleaf

Maritime pine Maritime pine

Stone pine Stone pine

Other coniferous Other coniferous

Shrubland Shrubland (shrubs, tall shrubs)

Pastures and natural grasslands Pastures

Non-vegetated surfaces Non-vegetated surfaces (unproductive)

Water and wetlands Water and wetlands

4.2. Preprocessing NFI Data

The class label and geographic location of the NFI photo-points were associated with

the Sentinel-2 and DTM data in order to create training examples automatically. Since photo-

points characterize a patch of land instead of the point’s exact location, class labels may not

reflect the actual land cover on the terrain (Figure 2). Additionally, NFI6 provides data for

the reference year 2015, while our goal is to create a land cover map for the agricultural

year of 2023. Therefore, we designed and applied an extensive filtering protocol to address

the inherent mislabeling caused either by the patch/point disagreement or by the data

being outdated. This protocol is presented in the following subsections.
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Figure 2. Example of NFI photo-points: (a) with matching point-patch labels; (b) located at the

interface between distinct land covers; and (c) with mismatching point-patch labels.

4.2.1. Filter Based on Attributes

We used NFI photo-point attributes to clean our dataset. First, we removed points

whose primary land cover was burnt shrubs or a mix of permanent crops, as these classes

did not fit into our intended map nomenclature. Next, we applied filters based on the

queries exhibited in Table 2. Our goal was to filter out points corresponding to potentially

heterogeneous areas, which are more prone to mislabeling. We ensured that our sample

only contained points from patches with homogeneous land cover (filter 1) and a relatively

large size (filter 2), the latter to prevent acquiring points from areas with multiple small

parcels with distinct land cover types. For the forest classes, we used filters 3 and 4 to

remove clear cuts and stands with sparse trees, respectively.

Table 2. Attribute filters and respective queries. Only points that satisfied the queries were included.

Filter Number Query Scope

1 Primary land cover = secondary land cover All classes
2 Patch dimension > 2 ha All classes
3 Stand type = ‘Standing stand’ Forest only
4 Percentage of tree cover ≥ 30% Forest only

4.2.2. Homogeneity Filter

An examination of the NFI photo-points overlaid on high-resolution orthophotos

revealed that many points were located on the interface between different landscape

elements or land cover classes (Figure 2b). In these cases, the vicinity of the photo-point was

highly heterogeneous and more likely to result in the acquisition of points whose spectral

pattern did not match their label. To address this issue, we proposed a homogeneity filter.

We used our sample of homogeneous and non-homogeneous windows, described in

Section 3.3, with the goal of identifying NFI-centered 3 × 3-pixel windows corresponding

to homogeneous areas. For that purpose, we relied on a Random Forest classification. We

computed the mean and standard deviation of the 9 pixels in each window for the monthly



Remote Sens. 2025, 17, 711 8 of 23

composites of January, April and June of the visible and near-infrared bands, NDVI and

NDMIR. These amounted to 36 classification features that were used to train a Random

Forest binary classifier. The classifier was trained on 75% of the data with 200 trees and

achieved a test set accuracy of approximately 89%.

The trained model was used to classify all the windows around our NFI points in our

sample areas. Windows classified as non-homogeneous were excluded from our dataset.

The homogeneity filter was not applied on the windows corresponding to cork and holm

oak and stone pine forest, as these tend to occur with a predominantly sparse tree pattern.

As a result, the windows are inherently more heterogeneous, making this filtering strategy

ineffective for those particular species.

4.2.3. Spectral Filter

A common filtering strategy consists of using spectral thresholds to remove or include

sampling units [11,64]. We used this method to remove photo-points from our sample that

did not fit the typical spectral pattern of the land cover class indicated by their label. Our

approach consisted of first conducting hierarchical clustering with points of the same land

cover class. We created 6 to 10 clusters for each class. With these clusters, we expected to

identify not only groups corresponding to the typical spectral pattern of a given class but

also groups related to mislabeled examples. By doing so, we were able to determine the

most significant groups of outliers and define spectral thresholds tailored to separate these

from the true class. We set loose, conservative thresholds to prevent excessively pruning

our sample. Thresholds were used primarily to separate classes with very distinct spectral

patterns, e.g., vegetation and bare soil. For instance, we set that the maximum monthly

NDVI value must be less than 0.4 in order to filter out vegetation pixels from photo-points

labeled as non-vegetated surfaces. Our spectral filter was designed to exclude clear outliers,

not to address more nuanced mislabeling, such as between shrubs and forest.

4.2.4. Land Cover Change Filter

Changes in land cover between 2015 (NFI6 reference year) and 2023 could lead to

acquiring mislabeled training data. To address this issue, we created a change mask by

applying the Continuous Change Detection and Classification (CCDC) algorithm [65] to

a time series of Landsat data. CCDC uses a harmonic regression to model time series,

decomposing it into seasonality, trends and breaks. Breaks refer to a disruption in a spectro-

temporal pattern, being indicative of land cover change. The method has shown reliable

change detection results [66–69].

We created a mask containing pixels where CCDC identified at least one break from

January 2015 to September 2023. We considered 30 × 30 m windows and removed photo-

points whose windows intersected the mask. Landsat images were used, as Sentinel-2

surface reflectance data were not available prior to 2017, starting in January 2005, as CCDC

seems to benefit from a longer time series [69]. The method’s parameters are exhibited

in Table 3.

Table 3. CCDC parameterization. NIR and SWIR refer to near and shortwave infrared, respectively.

Parameters Value/Settings

Breakpoint bands Blue, green, red, NIR, SWIR1, SWIR2, NDVI, NBR
Tmask bands Green, SWIR1
Min_obs 6
Chi-square 0.99
minYears 1
Lambda 0.02
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4.2.5. Leaf Type Concordance

Despite the application of all the previous filters, we still encountered potentially

mislabeled photo-points due to confusion between forest species with different leaf types.

Most notably, mixing up eucalyptus for maritime pine, and vice versa. These may be due

to the difficulty, in some cases, to distinguish both species based on the interpretation of

aerial images. In order to reduce such confusion in our sample, we applied a rule to ensure

that the photo-point label was in accordance with the information from the Copernicus

HRL DLT product. We selected photo-points from all the forest classes, except for cork and

holm oaks as these did not exhibit significant confusion with other species, and removed

those whose leaf types (broadleaf or coniferous) did not match the HRL DLT.

4.2.6. Additional Samples for Non-Vegetated Surfaces

Our class nomenclature included non-vegetated surfaces, with the sample drawn from

the NFI unproductive class. However, such a sample lacked examples from a spectral class

related to bare soil. To bridge this gap, we collected additional samples corresponding to

bare soil by selecting photo-points in croplands whose maximum NDVI throughout the

year was less than 0.3, indicating no agricultural activity that year.

4.3. Weakly Supervised Learning

We used the NFI photo-points along with their neighboring pixels within the 3 × 3 win-

dows as sparse, partial labels to train a semantic segmentation model. Hence, only a small

number of pixels around the photo-points were annotated, while the rest of the image

remained unlabeled. This contrasts with fully supervised approaches, where dense annota-

tions are required, with labels for every pixel in the image (Figure 3). By not using dense,

fully annotated images, we refer to our approach as weakly supervised.

ff

ffi

 

Figure 3. Illustration of distinctly labeled training data. High-resolution image (a), dense labels used

in typical fully supervised methods (b) and sparse labels used in our weakly supervised approach (c).

Colored and grey pixels correspond to labeled and unlabeled pixels, respectively. The labels in (c) are

derived from the photo-point, seen in the center of the 3 × 3 window.

Our weakly supervised approach aimed to leverage NFI information in combination

with a state-of-the-art convolutional neural network-based semantic segmentation model.

While labeled pixels represent only a small fraction of the image, the model sees all the

pixels during training, thus being able to compute global features such as texture and

shape. By leveraging these features, along with spectral information, we expect the model

to produce accurate classifications and spatially coherent maps.
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4.3.1. Training Data Preparation

The semantic segmentation model was trained on 64 × 64-pixel image chips, generated

by cropping the Sentinel-2 composites using the NFI photo-points as anchors. Rather than

being fixed at the center, points were randomly located within chips (Figure 3c). Hence, the

position of the labeled pixels varied across the chips, introducing a spatial variability that

could improve the model’s spatial learning [50].

We partitioned the data into training (80%) and validation (20%) splits based on

stratified random sampling. To capture landscape diversity in both sets, we used a map of

landscape units of Portugal [59]. By concatenating the landscape unit code with the class

label, we created a unique stratum identifier, ensuring that the sampling process preserved

the distribution of both landscape types and class labels.

Since the NFI sample was imbalanced, we conducted an oversampling of the minority

classes, creating additional image chips for these classes by moving the box around the

labeled pixel. While the spectral information of labeled pixels was the same, their location

within the chips and the chips themselves varied, which contrasts with simply duplicating

the data. The additional number of image chips increased the occurrence of the monitory

classes in the mini batches, hence reinforcing the contribution of these classes in the gradient

computation. Additionally, we also undersampled the majority classes. In this case, we

randomly removed the labels of some pixels in the image chips, leaving each majority

class image with only two labeled pixels rather than the original nine. This allowed us to

maintain the sample diversity as we did not discard any image chips, thereby losing likely

redundant information only. Overall, these strategies managed to deliver a fairly balanced

training dataset.

We computed the mean and standard deviation of our 181 bands using all the pixels

from the four Sentinel-2 tiles in order to standardize our data to have a mean of 0 and

standard deviation of 1. This approach exhibited superior training stability and higher

validation accuracy when compared to simply normalizing the data.

4.3.2. Model Architecture and Training

A U-Net [70] architecture was employed for semantic segmentation, with ConvNext-

V2 [54] serving as the encoder. The original ConvNext model [28] is a modern convo-

lutional neural network architecture, which incorporates design improvements inspired

by the success of vision transformers while maintaining the simplicity and efficiency of

convolution-based networks. Key improvements include modifications to the macro design,

use of an inverted bottleneck and larger kernel sizes as well as fewer activation functions

and normalization layers. Our chosen model, ConvNext-V2, improves upon its predecessor

by introducing a Global Response Normalization layer that enhances feature diversity.

Most importantly, the ConvNext-V2 model was co-designed with a self-supervised learning

framework, which is discussed in Section 4.4.

We used the ConvNext-V2 Atto model, a lightweight model with 3.7M parameters,

and made adaptations to optimize it for semantic segmentation of medium-resolution

satellite images. In the original model, the first convolutional layer downsamples the input

to feature maps that are one-fourth of the input size. This may result in losing valuable

information obtained from high-resolution feature maps, which could be useful for semantic

segmentation tasks. To address this limitation, we followed the modifications suggested

by [57]. Essentially, we replaced the first layer with an initial convolutional layer using a

kernel size of 3 and a stride of 1 to capture feature maps at the input resolution, followed by

a depthwise convolutional downsampling layer. Our U-Net design followed the ConvNext-

V2 U-Net implementation also used in [57], using skip connections to concatenate feature
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maps from the encoder with the corresponding upsampling blocks. Figure 4 exhibits the

architecture of our network.

 

tt

ff

Figure 4. Network architecture of our ConvNext-V2 Atto U-Net. The figure also exhibits the

ConvNext-V2 block. LN, GRN and GELU stand for Layer Normalization, Global Response Normal-

ization and Gaussian Error Linear Unit, respectively. Conv K × K refers to a convolutional layer with

a kernel size of K × K.

The model was trained for 50 epochs with a batch size of 32, using the AdamW

optimizer and a fixed learning rate of 0.0001. The batch size and learning rate were

determined by performing a grid search with batch sizes of 32, 64 and 128 and learning

rates of 0.00001, 0.0001 and 0.001. The training was limited to 50 epochs since we observed

no significant changes in model performance past this point across a number of tests.

Random horizontal and vertical flips were used for data augmentation. We computed a

weighted cross-entropy loss, in which we assigned the unlabeled pixels to an additional

class and set its weight to zero. Hence, only labeled pixels effectively contributed to the

loss computation.

4.4. Self-Supervised Learning

Training with sparse labels under a weakly supervised approach may lead to limited

feature learning, particularly in regions lacking labeled data. To bridge this gap, we propose

to train a self-supervised model to learn general useful representations from large amounts

of unlabeled data. We refer to this process as model pretraining. A pretrained model can

be subsequently fine-tuned for specific tasks, improving the performance of models with

limited supervision [31,71,72] such as ours.

We trained an MAE, a special self-supervised technique. In computer vision, MAEs

learn by solving a pretext task, which consists of reconstructing masked parts of an image,

referred to as masked image patches (Figure 5). Learned feature representations can be

transferred and applied to downstream tasks, such as image classification and semantic

segmentation, and may outperform fully supervised models [52,53].
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Figure 5. MAE architecture, illustrating the reconstruction of masked patches. Image representations

learned at the encoder can be transferred and applied to different downstream tasks. Each patch

corresponds to 8 × 8 pixels.

4.4.1. Training Data for MAE

Each of the four Sentinel-2 tiles comprising our sample areas were divided into a

uniform grid of 560 × 560 m cells. Then, for each grid, we selected alternating grid cells,

resulting in a systematic sampling pattern across the sample area. Our goal was to create a

sufficiently large sample for the self-supervised pretraining with even and comprehensive

coverage of our sample area, minding the limits of our compute resources during the model

training. Selected cells were used to crop the composites into 56 × 56-pixel image chips,

containing 181 bands each. We opted for the 56-pixel image chip size as it integrates more

effectively with our MAE model, as explained in the following subsection. In total, we

collected over 65,000 image chips for training.

4.4.2. MAE Model and Training

Original MAEs were developed using the transformer architecture [53]. Here, we built

our MAE model upon the ConvNext-V2 architecture, which was co-designed with a fully

convolutional MAE framework in mind [54]. We used a ConvNext-V2 Atto model with the

same modifications explained in Section 4.3.2. The encoder was the same as the one used in

the U-Net model exhibited in Figure 4. For decoding, instead of using multiple upsampling

blocks, we used a shallow decoder with just one ConvNext-V2 block as it has shown good

performance but with a faster runtime [54,57]. In addition, no skip connections were used.

This results in an asymmetric architecture, such as the transformer-based MAEs.

When adapting the ConvNext-V2 model to Sentinel-2 images, preserving the model’s

original patch layout is crucial for the performance of the pretrained model in downstream

tasks [57]. Therefore, we chose to work with 56-pixel images and a patch size of 8, re-

sulting in a configuration of 7 × 7 patches, consistent with the original design. During

training, patches are randomly masked, and the masked image can be represented as a two-

dimensional sparse array of pixels. A mask ratio of 0.6 was used. The encoder processes

only the unmasked, visible pixels, while the decoder reconstructs the image using the en-

coded pixels and mask tokens. The model loss consists of the mean squared error between

the reconstructed and original image, calculated only on the masked patches. Unlike most

existing approaches, our MAE was trained to reconstruct all 181 bands simultaneously,

thereby preserving the temporal information.

Our training used a batch size of 128 and the AdamW optimizer. The model was

initially trained with a learning rate of 0.0015 for 700 epochs, followed by an additional

300 epochs at a reduced learning rate of 0.00015. We defined the batch size and learning

rate by conducting a grid search with batch sizes of 64, 128 and 256 and initial learning

rates of 0.0001, 0.001 and 0.0015. Random horizontal and vertical flips were used for

data augmentation.
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4.4.3. Fine-Tuning

We transferred the encoder of the MAE-pretrained model to our ConvNext-V2 U-Net

and then fine-tuned this resulting model with the train and validation sets described in

Section 4.3.1, following the same weakly supervised approach. The hyperparameters were

the same as those used for the weakly supervised training, namely, 50 epochs, a batch size

of 32 and a learning rate of 0.0001.

4.5. Baseline Comparison

We compared the results of the weakly supervised model, which we refer to as the

baseline model, against the self-supervised pretrained and fine-tuned model. Pixel-level

classification was also conducted using the Random Forest algorithm, which is widely

used in land cover classification due to its simplicity and effectiveness [11,73,74]. Besides

being well suited to our point-based training data, the algorithm is also robust to noise [75],

which is advantageous for our application given the potential presence of noisy labels

despite preprocessing. We used Random Forest with 300 trees and the number of features

at each split as the square root of the total number of features.

4.6. Accuracy Assessment

Model performance was evaluated based on the pixel-level agreement using the overall

accuracy and F1-score metrics. We ran each model 10 times to ensure consistency in our

results. For the ConvNext-V2 models, we report the accuracies of the last epoch. Accuracy

was evaluated on two datasets, namely, the validation split and the independent validation

dataset described in Section 3.3. Since the validation split may contain a more homogeneous

sample as a result of the preprocessing, using an independent dataset unconnected to the

NFI data helps ensure the validity of our results.

5. Results and Discussion

The self-supervised learning (SSL) pretrained ConvNext-V2 model achieved the best

overall accuracy compared to the baseline model and the Random Forest classifier. Im-

provements over the baseline model were consistent across the training epochs (Figure 6),

culminating in a ~2% increase in accuracy by the end of the training. The result demon-

strates the advantages of self-supervised pretraining in the context of weakly supervised

semantic segmentation with sparse labels. While the weakly supervised model may learn

features with limited discriminative power, the pretrained model can offer more useful and

discriminative features for fine-tuning.

The self-supervised pretrained model also consistently outperformed its counterparts

in tests with different training set sizes (Figure 7). The pretrained model exhibited compa-

rable results to the baseline when trained with only 50% of the data. These results highlight

the benefits of self-supervised pretraining in settings with limited training data. Both deep

learning models were more effective at leveraging increasing data availability to improve

performance compared to Random Forest, which only outperformed the baseline model in

the setting with 10% of the training data.

The accuracy assessment on the independent validation dataset showed similar results

(Table 4), with the self-supervised pretrained model achieving the highest overall accuracy,

followed by the baseline model and Random Forest. Despite the lower accuracies, the model

rankings remained identical regardless of the validation dataset, thereby sustaining our

findings that the self-supervised pretrained model improves upon the baseline. Contrary

to our expectations, the decision tree-based classifier did not perform on par with the deep

learning-based models, despite its widespread use for pixel-level land cover classification

of satellite images with point-based training data and its robustness to noisy labels.
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Figure 6. Overall accuracy of the baseline and self-supervised pretrained models. The values represent

the average of 10 runs with a 95% confidence interval and were computed on the validation split.
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Figure 7. Validation split accuracy of the three tested models with distinct training set sizes. The

reported values are the average of 10 runs with a 95% confidence interval.

Table 4. Accuracy assessment on the independent validation dataset. The reported values are the

average of 10 runs and a 95% confidence interval.

Model Overall Accuracy

Random Forest 67.90% ± 0.20%
ConvNext-V2-baseline 69.60% ± 0.25%

ConvNext-V2-SSL-pretrained 71.29% ± 0.69%

Overall, these results provide further evidence about the benefits of pretraining MAEs,

which has consistently exhibited improvements over training from scratch in different

studies [55,56]. However, since most MAE studies focus on transformer architectures,

more research using distinct architectures such as ours is needed in order to establish a

comparative basis. In addition, to the best of our knowledge, there is a lack of studies using

MAEs for the semantic segmentation of land cover with medium-resolution imagery, such

as Sentinel-2, which limits the scope of our comparisons.



Remote Sens. 2025, 17, 711 15 of 23

An analysis of classification performance per class (Figure 8) shows the pretrained

model was notably more accurate in classifying urban, a mix of permanent crops, maritime

pine and non-vegetated surfaces. All three models failed to accurately classify samples

of winter crops, summer crops and pastures and grasslands. This could be a result of

imperfect training data, as NFI samples from these classes tended to be spatially adjacent

and exhibit a similar spectral pattern, especially winter crops and pastures and grasslands,

leading to the collection of mislabeled samples despite the NFI preprocessing efforts. The

models also exhibited limited accuracy in the classification of other broadleaf and other

coniferous, which was likely caused by the intricate nature of such classes and the lack of

diversity in the training data, as these classes needed oversampling.

ff

ff

tt

ff
ff

Figure 8. Model performance per land cover class measured by the F1-score. For other coniferous, no

F1-score was reported for Random Forest, as the model did not predict any sampling units belonging

to this class.

A qualitative assessment of the maps generated by the semantic segmentation methods

(Figure 9) revealed similarities and key differences. On a higher level, the maps displayed a

similar picture of the landscape, capturing most objects and shapes equivalently. However,

a few differences were noticeable. In terms of classification, Random Forest and the

ConvNext-V2 baseline model exhibited less accurate maps overall. Common confusions

observed in these maps were between urban and non-vegetated surfaces and shrubland

and forest. Those classification errors were also recurrent in other land cover mapping

initiatives of the Portuguese landscape [59], demonstrating the complexity in correctly

distinguishing these classes due to their similar spectral patterns.
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Figure 9. Example of land cover maps produced by Random Forest, ConvNext-V2 baseline and

ConvNext-V2 self-supervised pretrained models.

Random Forest produced maps with finer spatial detail, which was particularly notable

in areas where small features are abundant, namely, urban areas, small crop parcels and

sparse forest. Despite the finer detail, Random Forest often produced results with a salt-

and-pepper effect. In contrast, the ConvNext-V2 models produced smoother maps but

with relatively coarser spatial detail. These differences were expected and previously

documented [22,76]. While Random Forest is a purely pixel-based model, the ConvNext-

V2 models use convolutions to compute spatial features, which aggregates information

from neighboring pixels and involves downsampling operations that reduce spatial detail

despite the use of skip connections. The implications of choosing between the decision

tree-based and the neural network-based methods will depend on the intended application,

region of interest and scale. For instance, if the precise delineation of small features, such

as building and roads, is important, then Random Forest’s finer spatial detail could be

particularly beneficial. The method could also be preferable for a finer representation of a

fragmented landscape, such as the montado ecosystem in Southern Portugal (Figure 9, third

row), which is characterized by disperse cork and holm oak tree cover among agro-forestry

systems [77]. On the other hand, the coarser spatial detail but higher thematic accuracy
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of the ConvNext-V2 model may be more advantageous for large-scale environmental

modeling, studying climate dynamics and hydrological modeling.

The national land cover map for the reference year of 2023, produced with the best

performing model, is exhibited in Figure 10. The map successfully depicts the main

characteristics of the Portuguese landscape, for instance, the abundant forest of eucalyptus

and maritime pine in the center, large areas of pastures and grasslands mixed with cork

and holm oaks in the South and the two main urban centers.

 

ff
ffi

ff

Figure 10. Land cover map of Portugal (2023).

While this study represents a step forward in the use of dated, point-based NFI data,

deep learning and pretraining models to map land cover at a large scale, certain limitations

should be outlined. Firstly, despite the efforts to reduce label noise in the NFI-derived

training sample, the adopted filtering strategy could have been insufficient. For instance,

the spectral threshold filter aimed to remove only the most obvious mislabeling rather than

filtering sampling units with subtler differences (e.g., shrubland and forest). Secondly, the

algorithm used in the land cover change filter can produce false negatives, meaning it may

fail to filter out changed areas and hence lead to the acquisition of potentially mislabeled

sampling units. In contrast, the filtering protocol led to the removal of a number of valid

sampling units, for instance, linear features, such as small roads and riverside broadleaved

trees. Since mislabeled data in the training sample degrade model performance, proper

NFI data cleaning remains a challenge. Thirdly, since the goal was to produce a yearly

land cover map, we had to predict a single label for an entire 1-year period. However,

since our training data should be temporally stable, as a result of the land cover change

filter, it should only be reliably used for classifying other temporally stable examples. This
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means areas where disturbances occurred during the reference year were likely to be poorly

classified. Future work could implement a protocol to process these areas in a separate

classification. Finally, as pointed out earlier, the final map exhibited coarser spatial detail.

In that regard, future research may test modifications to the network architecture to reduce

downsampling and/or include additional skip connections in order to preserve the spatial

detail of the native resolution. With respect to the self-supervised pretraining, subsequent

research can explore the combination of spatial with spectral and temporal masking for

learning improved representations when training masked autoencoders, thus exploiting

the potential of multispectral Sentinel-2 time series.

6. Conclusions

This study aimed to create spatially continuous land cover maps using data from

the Portuguese National Forest Inventory. NFI data in the form of photo-points were

cleaned with an extensive filtering protocol and then used as training data for the semantic

segmentation of land cover. We explored the use of photo-points as sparse labels to train a

weakly supervised convolutional neural network. A self-supervised pretrained masked au-

toencoder was used to improve the predictive capabilities of our weakly supervised model.

The results showed the potential of the weakly supervised approach, which managed to

produce spatially coherent and accurate maps, outperforming a Random Forest classifica-

tion. Furthermore, using the pretrained masked autoencoder showed clear advantages,

producing more accurate results than Random Forest and the baseline weakly supervised

method. The pretrained model performed on par with the baseline weakly supervised

model using half of the training data, revealing the utility of the image representations

learned through self-supervision. In summary, our work showcased the joint use of NFI

data and advanced machine learning techniques to successfully map land cover at the

national level. Future work can explore adjustments to the NFI preprocessing protocol to

improve training data quality, modifications to the network architecture to preserve spatial

detail and the use of spectral and temporal masks for training autoencoders.

Author Contributions: Conceptualization, D.M., M.L.C. and M.C.; methodology, D.M., M.L.C. and

M.C.; software, D.M.; validation, D.M., M.L.C. and M.C.; formal analysis, D.M., M.L.C. and M.C.;

investigation D.M.; resources, M.L.C. and M.C.; data curation, D.M.; writing—original draft, D.M.;

writing—review and editing, M.L.C. and M.C.; supervision, M.L.C. and M.C.; project administration,

M.L.C. and M.C.; funding acquisition, M.L.C. and M.C. All authors have read and agreed to the

published version of the manuscript.

Funding: This research was supported by national funds through the FCT (Fundação para a Ciência e

a Tecnologia), under the project UIDB/04152/2020 (DOI: 10.54499/UIDB/04152/2020)—Centro de In-

vestigação em Gestão de Informação (MagIC)/NOVA IMS and grant number PRT/BD/153517/2021.

Data Availability Statement: The data presented in this study are available in the Theia data

centre at www.theia-land.fr and in the National Institute for Nature and Forest Conservation (ICNF)

at www.icnf.pt.

Acknowledgments: The value-added data were processed by CNES for the Theia data centre,

www.theia-land.fr, using Copernicus products. The processing uses algorithms developed by Theia’s

Scientific Expertise Centres. We thank Francisco D. Moreira for his contributions on the definition of

the land cover nomenclature.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design

of this study; in the collection, analyses or interpretation of data; in the writing of this manuscript; or

in the decision to publish the results.

www.theia-land.fr
www.icnf.pt
www.theia-land.fr


Remote Sens. 2025, 17, 711 19 of 23

Appendix A
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Figure A1. Example of 30 × 30 m windows used for training a Random Forest classifier for the

homogeneity filter. Annotations as non-homogeneous or homogeneous considered not only the

high-resolution images (seen in the figure) but also Sentinel-2 images.
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et al. Cloud Mask Intercomparison EXercise (CMIX): An Evaluation of Cloud Masking Algorithms for Landsat 8 and Sentinel-2.

Remote Sens. Environ. 2022, 274, 112990. [CrossRef]

62. European Environmental Agency (EEA). High Resolution Layer Forest, Dominant Leaf Type 2018; European Environmental Agency

(EEA): Copenhagen, Denmark, 2021.

63. Moraes, D.; Benevides, P.; Costa, H.; Moreira, F.D.; Caetano, M. Exploring Different Levels of Class Nomenclature in Random

Forest Classification of Sentinel-2 Data. In Proceedings of the IGARSS 2022—IEEE International Geoscience and Remote Sensing

Symposium, Kuala Lumpur, Malaysia, 17–22 July 2022; pp. 2279–2282.

64. Lin, C.; Du, P.; Samat, A.; Li, E.; Wang, X.; Xia, J. Automatic Updating of Land Cover Maps in Rapidly Urbanizing Regions by

Relational Knowledge Transferring from Globeland30. Remote Sens. 2019, 11, 1397. [CrossRef]

65. Zhu, Z.; Woodcock, C.E. Continuous Change Detection and Classification of Land Cover Using All Available Landsat Data.

Remote Sens. Environ. 2014, 144, 152–171. [CrossRef]

66. De Souza, A.A.; Galvão, L.S.; Korting, T.S.; Almeida, C.A. On a Data-Driven Approach for Detecting Disturbance in the Brazilian

Savannas Using Time Series of Vegetation Indices. Remote Sens. 2021, 13, 4959. [CrossRef]

67. Zhu, Z.; Zhang, J.; Yang, Z.; Aljaddani, A.H.; Cohen, W.B.; Qiu, S.; Zhou, C. Continuous Monitoring of Land Disturbance Based

on Landsat Time Series. Remote Sens. Environ. 2020, 238, 111116. [CrossRef]

68. Mulverhill, C.; Coops, N.C.; Achim, A. Continuous Monitoring and Sub-Annual Change Detection in High-Latitude Forests

Using Harmonized Landsat Sentinel-2 Data. ISPRS J. Photogramm. Remote Sens. 2023, 197, 309–319. [CrossRef]

69. Moraes, D.; Barbosa, B.; Costa, H.; Moreira, F.D.; Benevides, P.; Caetano, M.; Campagnolo, M. Continuous Forest Loss Monitoring

in a Dynamic Landscape of Central Portugal with Sentinel-2 Data. Int. J. Appl. Earth Obs. Geoinf. 2024, 130, 103913. [CrossRef]

70. Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In Proceedings of the

Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015, Munich, Germany, 5–9 October 2015; Navab, N.,

Hornegger, J., Wells, W.M., Frangi, A.F., Eds.; Springer International Publishing: Cham, Switzerland, 2015; pp. 234–241.

71. Van Gansbeke, W.; Vandenhende, S.; Georgoulis, S.; Proesmans, M.; Van Gool, L. SCAN: Learning to Classify Images Without

Labels. In Proceedings of the European Conference on Computer Vision (ECCV); Vedaldi, A., Bischof, H., Brox, T., Frahm, J.-M.,

Eds.; Springer International Publishing: Cham, Switzerland, 2020; pp. 268–285.

72. Zhai, X.; Oliver, A.; Kolesnikov, A.; Beyer, L. S4L: Self-Supervised Semi-Supervised Learning. In Proceedings of the IEEE/CVF

International Conference on Computer Vision (ICCV), Seoul, Republic of Korea, 27 October–2 November 2019; pp. 1476–1485.

73. Inglada, J.; Vincent, A.; Arias, M.; Tardy, B.; Morin, D.; Rodes, I. Operational High Resolution Land Cover Map Production at the

Country Scale Using Satellite Image Time Series. Remote Sens. 2017, 9, 95. [CrossRef]

74. Zhu, Z.; Gallant, A.L.; Woodcock, C.E.; Pengra, B.; Olofsson, P.; Loveland, T.R.; Jin, S.; Dahal, D.; Yang, L.; Auch, R.F. Optimizing

Selection of Training and Auxiliary Data for Operational Land Cover Classification for the LCMAP Initiative. ISPRS J. Photogramm.

Remote Sens. 2016, 122, 206–221. [CrossRef]

75. Pelletier, C.; Valero, S.; Inglada, J.; Champion, N.; Sicre, C.M.; Dedieu, G. Effect of Training Class Label Noise on Classification

Performances for Land Cover Mapping with Satellite Image Time Series. Remote Sens. 2017, 9, 173. [CrossRef]

https://doi.org/10.1109/TGRS.2023.3331717
https://doi.org/10.3390/rs14081865
https://doi.org/10.3390/rs11040433
https://doi.org/10.1016/j.rse.2022.112990
https://doi.org/10.3390/rs11121397
https://doi.org/10.1016/j.rse.2014.01.011
https://doi.org/10.3390/rs13244959
https://doi.org/10.1016/j.rse.2019.03.009
https://doi.org/10.1016/j.isprsjprs.2023.02.002
https://doi.org/10.1016/j.jag.2024.103913
https://doi.org/10.3390/rs9010095
https://doi.org/10.1016/j.isprsjprs.2016.11.004
https://doi.org/10.3390/rs9020173


Remote Sens. 2025, 17, 711 23 of 23

76. Ma, L.; Liu, Y.; Zhang, X.; Ye, Y.; Yin, G.; Johnson, B.A. Deep Learning in Remote Sensing Applications: A Meta-Analysis and

Review. ISPRS J. Photogramm. Remote Sens. 2019, 152, 166–177. [CrossRef]

77. Costa, H.; Machado, I.; Moreira, F.D.; Benevides, P.; Moraes, D.; Caetano, M. Exploring the Potential of Sentinel-2 Data for Tree

Crown Mapping in Oak Agro-Forestry Systems. In Proceedings of the 2021 IEEE International Geoscience and Remote Sensing

Symposium IGARSS, Brussels, Belgium, 11–16 July 2021; pp. 5807–5810.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.isprsjprs.2019.04.015

	Introduction 
	Related Works 
	Training Data for Land Cover Classification 
	Weak Supervision for Semantic Segmentation of Land Cover 
	Masked Autoencoders 

	Data and Study Area 
	National Forest Inventory 
	Satellite Data 
	Auxiliary Data 
	Study Area 

	Methods 
	Definition of Land Cover Nomenclature 
	Preprocessing NFI Data 
	Filter Based on Attributes 
	Homogeneity Filter 
	Spectral Filter 
	Land Cover Change Filter 
	Leaf Type Concordance 
	Additional Samples for Non-Vegetated Surfaces 

	Weakly Supervised Learning 
	Training Data Preparation 
	Model Architecture and Training 

	Self-Supervised Learning 
	Training Data for MAE 
	MAE Model and Training 
	Fine-Tuning 

	Baseline Comparison 
	Accuracy Assessment 

	Results and Discussion 
	Conclusions 
	Appendix A
	References

