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Abstract 

Accurate Land Use and Land Cover (LULC) data are vital for effective land planning and management. This study evaluates the U-

Net model for LULC mapping using high-spatial-resolution (2 m) imagery from the WPM sensor on the CBERS 04A satellite. The 

research focuses on the Servidão River Basin in Rio Claro, Brazil, an urban watershed susceptible to flooding. A pseudo-labeling 

framework is proposed to reduce reliance on manually annotated training data. Training samples were automatically generated by 

integrating spectral indices (NDVI, NDWI, SOCI, CI, NISI), Principal Component Analysis, and unsupervised Iso-Cluster 

classification. Several U-Net configurations were evaluated, with a ResNet-34 backbone with class weighting achieving the highest 

performance. The model was then retrained using a manually refined reference dataset to enhance the representation of spectrally 

complex classes. Accuracy assessment resulted in an Overall Accuracy of 0.93, average Precision and Recall of 0.92, and a mean 

Intersection over Union (IoU) of 0.86. These findings indicate that the proposed pseudo-labeling strategy, combined with a U-Net, 

offers a robust approach for LULC mapping in complex urban environments using freely available CBERS 04A imagery. 

1. Introduction

Land Use and Land Cover (LULC) data are essential for 

analyzing anthropogenic dynamics and environmental 

processes, and have been widely employed since the advent of 

orbital systems for terrestrial target classification and 

multitemporal monitoring (Bischof et al., 1992; Civco, 1993; 

Lou et al., 2024; Moran, 2010; Odenyo and Pettryt, 1977). The 

significance of LULC data extends across diverse fields, 

including climate emergency research (Wang et al., 2022), 

biodiversity loss (Dingamo et al., 2023; Sharma Arvind K., 

2022), urban planning (Son et al., 2023), agricultural 

management (Tassis et al., 2021), geomorphological risk 

analysis (Pacheco Quevedo et al., 2023; Tyagi et al., 2023), and 

environmental planning and monitoring (Merino et al., 2024; 

Nery et al., 2024), among other terrestrial phenomena. 

Technological advancements in remote sensing, particularly in 

spatial, spectral, temporal, and radiometric resolution, have 

improved efficiency (Holik et al., 2023), accuracy (Nigar et al., 

2024), spatial coverage (Venter and Sydenham, 2021), and the 

overall capacity for large-scale data acquisition and analysis (Li 

et al., 2023; Lou et al., 2024; Lv et al., 2025; Parente et al., 

2019; Sedona et al., 2019). However, these advances also 

increase the complexity of data processing, especially in 

environments with spectrally similar features, posing challenges 

for classification and interpretation (Abdollahi et al., 2021; Li et 

al., 2024; Roy et al., 2025; Yu et al., 2022). Therefore, effective 

classification, pattern detection, and modeling require the 

adoption of robust algorithms capable of managing such 

complexity (Li et al., 2024; Roy et al., 2025). 

Deep Learning (DL) techniques have been successfully utilized 

to extract information from remote sensing images, especially in 

complex environments where different features exhibit spectral 

similarity (Carranza-García et al., 2019; Jozdani et al., 2019; 

Magalhães et al., 2025; Nigar et al., 2024; Vali et al., 2020). 

The rise in supervised classification accuracy and the 

widespread use of Graphics Processing Units (GPUs) to handle 

large datasets (Chopra, 2024) have been key factors driving DL 

research in remote sensing over the last five years (Victor et al., 

2025). 

Among DL models for remote sensing image classification, U-

Net, a type of Convolutional Neural Network (CNN) developed 

for semantic segmentation, has become widely adopted 

(Solórzano et al., 2021). The U-Net architecture employs an 

encoder–decoder structure in which convolution and pooling 

operations extract hierarchical features, while upsampling 

restores spatial resolution. A defining feature is the use of skip 

connections that transfer information between corresponding 

encoding and decoding layers, thereby preserving spatial detail 

and enhancing segmentation accuracy (Vali et al., 2020; 

Wagner et al., 2020; Yan et al., 2022). Data augmentation 

methods, including rotations and mirroring, further improve 

model robustness (Yu et al., 2017).  

To enhance feature extraction, U-Net is frequently integrated 

with backbone architectures such as ResNet, a deep residual 

network introduced by He et al. (2016). ResNet mitigates the 

degradation problem in very deep neural networks by 

incorporating residual (skip) connections, which enable the 

network to learn residual mappings rather than direct 

transformations. This approach improves gradient propagation 

across layers during training and supports the use of much 

deeper architectures without compromising performance. 

Consequently, ResNet is widely adopted as an encoder for 

semantic segmentation, offering robust multi-scale feature 

representations that strengthen the U-Net decoding stage. 

Current research highlights the importance of customizing DL 

models for high-resolution image classification due to the 

variability in imagery and regional differences. Despite the 

flexibility of DL architectures, acquiring labeled data is 

challenging due to the substantial manual effort required, as 

noted by Li et al. (2024), Vali et al. (2020), and Yu et al. (2022). 
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Magalhães et al. (2025), for example, showed that U-Net 

outperforms traditional algorithms such as Random Forest and 

SVM for urban LULC mapping using high-resolution CBERS 

04A imagery, but the need for manual labeling remains a 

significant obstacle to scaling this approach. 

 

To address this limitation, recent studies have explored pseudo-

labeling strategies in which unsupervised or weakly supervised 

methods generate initial labels when data are scarce. These 

approaches have yielded promising results for LULC by 

enabling models to learn spatial patterns and improve labels 

without extensive manual annotation (Wei et al., 2022; Zhang et 

al., 2024; Kim and Kim, 2024; Mirpulatov et al., 2023). 

 

Accordingly, this study evaluates a pseudo-labeling strategy 

combined with a U-Net model for LULC mapping using high-

resolution imagery from the WPM (Wide Panchromatic and 

Multispectral) sensor on the CBERS 04A (China–Brazil Earth 

Resources Satellite 04A). The proposed approach generates 

training data from spectral indices and uses Principal 

Component Analysis (PCA) and unsupervised classification 

methods to reduce reliance on manually annotated datasets. 

Model performance is assessed using independently generated 

reference data. Accurate, up-to-date, and high-resolution LULC 

data are critical for environmental and territorial planning, 

particularly for managing flood-prone areas in urbanized 

watersheds of Brazilian municipalities. 

 

2. Study Area 

The study area is the Servidão River basin, situated in the 

municipality of Rio Claro, within the interior of São Paulo 

State, Brazil (Figure 1). 

 

 
Figure 1. Location of study area. 

The approximately 1,900-hectare watershed is mainly 

urbanized, with residential, commercial, and limited industrial 

use. In the southern portion, where urban and rural areas meet, a 

mosaic of exposed soil and herbaceous to arboreal vegetation is 

observed, especially along the partially preserved main channel 

bed. 

 

In the central sector, where most of the urban area is 

concentrated, the main riverbed was channelized and covered in 

the 1970s, becoming a major city access route, reflecting 

national territorial management trends of the time (Moraes et 

al., 2012). 

 

Urban expansion has rendered a significant portion of the basin 

impermeable, leading to increased surface runoff, reduced 

infiltration, and elevated peak flows (Tucci, 1997). In 

conjunction with the basin’s morphology, these conditions 

intensify local flooding (Schmidt, 2012). Additionally, the loss 

of vegetation, occupation of floodplains, and channelization 

further aggravate flooding, resulting in frequent floods and flash 

floods (Moruzzi et al., 2007), especially since the late twentieth 

century, when urban expansion accelerated (Moraes, 2011). 

 

The municipality has a humid subtropical climate, with dry 

winters and hot, rainy summers (Alvares et al., 2013). The rainy 

season lasts from October to March (average 1200 mm), while 

the dry season runs from April to September (180–200 

mm/year) (Troppmair, 1992). 

 

3. Materials and Methods 

The framework is based on a pseudo-labeling strategy, in which 

initial training data are automatically generated from spectral 

information and subsequently refined using DL techniques, 

reducing dependence on manually annotated datasets while 

enabling the extraction of spatial patterns from high-resolution 

imagery. The methodological approach comprised database 

preparation, training data generation, model training with a U-

Net architecture, and accuracy assessment using standard 

metrics, all implemented in ArcGIS Pro 3.5 using built-in tools 

and custom ArcPy scripts. 

 

Images acquired from the WPM sensor of the CBERS 04A 

satellite, provided by the Image Generation Division (Divisão 

de Geração de Imagens – DIDGI) of the National Institute for 

Space Research (Instituto Nacional de Pesquisas Espaciais –

INPE), were used. These images include four spectral bands 

(RGB and NIR) at 8 m spatial resolution and a panchromatic 

band at 2 m spatial resolution. Spatial resolution was improved 

through pansharpening using the Brovey transformation with 

sensor-specific weights (Klippel, 2021), which was selected for 

its compatibility with CBERS 04A WPM data and its ability to 

preserve spatial detail and spectral contrast relevant to urban 

feature delineation, as demonstrated in previous studies 

(Magalhães et al., 2025). 

 

Due to the lack of ground-truth data for model training, a 

pseudo-labeling strategy was implemented using spectral 

indices, PCA (Byrne et al., 1980), and unsupervised 

classification via the Iso-Cluster algorithm. This limitation 

applies only to the training phase; for validation, an independent 

reference dataset was produced through manual interpretation. 

 

The Normalized Difference Vegetation Index (NDVI) (Rouse et 

al., 1973) was calculated to identify Dense Vegetation and Low 

Grass, which masked vegetated areas. Normalized Difference 

Water Index (NDWI) (McFeeters, 1996) was then applied to 
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extract water bodies, resulting in an image primarily composed 

of urban features and exposed soils. To further distinguish 

among these classes, the Soil Organic Carbon Index (SOCI) 

(Minhoni et al., 2021), Coloration Index (CI) (Mandal, 2016), 

and Normalized Impervious Surface Index (NISI) (Su et al., 

2022) were computed, as they are compatible with WPM. The 

corresponding formulas are provided in Equations 01 to 05. 

 

 

(1) 

 

 

(2) 

 

 

(3) 

 

 

(4) 

 

 

(5) 

 

 

The outputs of SOCI, CI, and NISI were integrated using PCA, 

with the first three components selected to minimize 

redundancy among spectral indices and retain the most relevant 

information. These components capture most of the data 

variance while preserving dominant spectral patterns (Jolliffe, 

2002; Richards, 2013; Lillesand et al., 2015) and are compatible 

with the input requirements of the subsequent unsupervised 

classification, which operates up to three bands. An 

unsupervised Iso-Cluster classification was then performed 

(Figure 2), producing an initial raster with five predominant 

LULC classes: asphalt, fiber-cement and ceramic roofs, 

concrete slabs, and exposed soils. This result was then merged 

with additional classes derived from spectral indices, 

specifically Dense Vegetation and Low Grass from the NDVI, 

and Water from the NDWI, resulting in a final pseudo-label 

dataset comprising eight LULC classes for model training. 

 

This dataset was employed as pseudo-label reference data for 

training the U-Net model. A total of seven models were 

developed across three sequential stages: an initial training 

phase (Models A–D), a second phase with adjusted input 

parameters (Models E–F), and a final retraining phase using 

refined reference data (Model G). Class imbalance among 

LULC classes was considered during model training. To 

address this issue, experiments were conducted both with and 

without class weighting, enabling the assessment of its 

influence on model performance. 

 

During the first round, four models were trained using 256×256 

tiles: (A) ResNet-34 without class weighting, (B) ResNet-34 

with class weighting, (C) ResNet-50 without class weighting, 

and (D) ResNet-50 with class weighting. Model selection was 

guided by qualitative assessment of segmentation consistency 

and reduction of misclassification patterns. Models trained with 

ResNet-34 showed the best performance, particularly Model B, 

leading to the exclusion of ResNet-50 models. 

 

In the second round, two models (E and F) were trained on 

512×512 tiles using ResNet-34, without and with class 

weighting, respectively. Although these models produced 

satisfactory results, they exhibited higher commission errors 

than Model B. Therefore, Model B was chosen for further 

analysis. 

 
Figure 2. Workflow for generating pseudo-labels used in model 

training. (A) RGB CBERS 04A image. (B) Dense Vegetation 

(dark green) and Low Grass (light green) derived from NDVI, 

and Water (blue) derived from NDWI. (C) PCA derived from 

the spectral indices SOCI, CI, and NISI. (D) Iso-Cluster 

classification, representing five LULC classes (from darkest 

grey to lightest: Asphalt, Fiber Cement, Concrete, and Ceramic; 

Bare Soil in pink). 

 

Model B was trained using a ResNet-34 backbone with 

randomly initialized weights, a batch size of 8, and a chip size 

of 256×256 pixels. Training was conducted for up to 200 

epochs, with early stopping based on validation loss to prevent 

overfitting, resulting in 54 training epochs. A learning rate 

ranging from 1.3×10⁻⁵ to 1.3×10⁻⁴ was adopted, and 10% of the 

dataset was reserved for validation. Class balancing was 

enabled, and the loss function incorporated focal loss, while 

dice loss was not applied. Data augmentation included random 

cropping, dihedral affine transformations (rotations and 

reflections), and adjustments in brightness, contrast, and zoom, 

following the default configuration of the ArcGIS Pro DL 

framework (ESRI, 2025). The model was fully trainable (no 

layer freezing), and performance was monitored using 

validation loss. 

 

Model B successfully mapped eight LULC classes, including 

Dense Vegetation, Low Grass, Water, Asphalt, Fiber-Cement 

Roofs, Ceramic Roofs, Concrete, and Bare Soil. Shadows and 

Cemetery were not identified, as these classes were not present 

in the pseudo-labels. Shadows were often misclassified as 

water, and cemeteries as concrete or fiber-cement roofs. To 

enhance classification consistency, the map was manually 

corrected by adjusting class attributes without further 

vectorization or topological editing. This corrected map served 

as the reference for retraining the model, leading to the final 

version, Model G, which retained the same ResNet-34 

architecture with class weighting. 

 

Model G’s results were evaluated using standard remote sensing 

metrics: Overall Accuracy (OA), Precision, Recall, F1-Score, 

and Intersection over Union (IoU) (Maxwell et al., 2021a; 

2021b), as well as a confusion matrix. Reference data for 

accuracy assessment were generated independently by manual 

interpretation to ensure an unbiased assessment. A stratified 

probabilistic sampling scheme (Tyukavina et al., 2025) was 
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implemented, with a minimum of 5% samples per class, 

resulting in 1,324 polygons covering 132.67 ha (Table 1).  

Class 
Predicted 

Area (ha) 
Sampled 

Area (ha) 
Sampled 

Area (%) 
Polygon 

Count 

Dense 

Vegetation 
217.5092 25.0628 11.52 58 

Low Grass 379.9872 26.156 6.88 94 

Asphalt 470.2356 23.8863 5.08 301 

Fiber Cement 204.6148 11.454 5.60 85 

Concrete 61.6572 5.3851 8.73 97 

Ceramic 409.0008 21.2356 5.19 468 

Shadows 50.1604 2.9575 5.90 113 

Cemetery 5.7564 2.2887 39.76 19 

Bare Soil 101.5896 12.3385 12.15 76 

Water 4.2808 1.9135 44.70 13 

Total 1,904.792 132.678 6.97% 1,324 

Table 1. Distribution of samples for accuracy verification in 

relation to the total LULC of the watershed. 

 

Figure 3 summarizes the methodological workflow, from 

pseudo-label generation to model training and accuracy 

assessment.  

 
Figure 3. Adopted methodology workflow including pseudo-

label generation, U-Net model training, and accuracy 

assessment. 

 

All datasets and processing resources utilized in this study are 

publicly available in a GitHub repository 

(https://github.com/mapearunesp-bit). These resources include 

the CBERS 04A imagery, the pseudo-label dataset, the refined 

reference data, and the independently generated ground truth for 

accuracy assessment. The repository also contains the 

ModelBuilder workflow implemented with native ArcGIS Pro 

tools, the ArcPy script developed for accuracy assessment, and 

the complete methodological workflow described in this study. 

4. Results 

The results indicate that the U-Net model demonstrates 

satisfactory performance in segmenting the primary LULC 

classes identified in the Servidão river basin using the WPM 

image from CBERS 04A. The model achieved high accuracy 

across all performance evaluation metrics (Table 2), reflecting 

strong agreement between Model G predictions and 

independently derived ground truth data. The consistent average 

Precision, Recall, and F1-Score (0.92) suggest minimal bias 

between commission and omission errors, indicating that both 

the model architecture and the dataset are suitable for 

distinguishing the observed targets, even within the spectrally 

and spatially complex urban environment analyzed. 

 

Metric OA Precision Recall F1-Score IoU 

Result 0.93 0.92 0.92 0.92 0.86 

Table 2. Overall accuracy assessment. The table reports mean 

values derived from the evaluation of each class. 

 

Class-specific analysis reveals patterns that align with the 

inherent complexity of the scene, which results from substantial 

spatial information and the spectral limitations of the visible and 

near-infrared bands (Table 3). Most segmentation results are 

excellent, with many metrics exceeding 0.9, underscoring the 

U-Net model's effectiveness in precise object segmentation 

from high-resolution remote sensing imagery. Lower 

performances are noted for the Fiber-Cement Roofs and 

Shadows classes, likely due to their similar spectral and textural 

characteristics, as both exhibit dark coloration and 

homogeneous textures. In contrast, classes such as Ceramic 

Roofs and Bare Soil, despite their similar spectral signature, 

exhibit distinct textures, which may explain the model's ability 

to distinguish between them. Notably, Shadows were mapped 

solely to prevent misclassification as other classes (e.g., Fiber 

Cement) and should be reclassified in future applications to 

ensure proper representation in the LULC map. 

 

Class Precision Recall F1 Score IoU 

Dense Vegetation 0.93 0.97 0.95 0.91 

Low Grass 0.93 0.93 0.93 0.87 

Asphalt 0.93 0.96 0.94 0.89 

Fiber Cement 0.89 0.86 0.87 0.77 

Concrete 0.94 0.86 0.90 0.81 

Ceramic 0.98 0.97 0.97 0.95 

Shadows 0.64 0.81 0.71 0.56 

Cemetery 1.00 0.99 1.00 0.99 

Bare Soil 0.99 0.88 0.93 0.87 

Water 0.99 0.97 0.98 0.96 

Table 3. Accuracy assessment by class. 

 

The confusion matrix presented in Figure 4 provides additional 

insight by comparing Model G's predictions with independently 

derived ground-truth data. Cell colors are normalized by row to 

correspond with ground-truth classes, thereby facilitating class-

wise performance assessment. The main diagonal represents 

True Positives (TP). Model G demonstrates high accuracy 

across most classes, including underrepresented classes such as 

Water and Cemetery. This outcome might indicate that class 

imbalance did not significantly influence the model 

performance. 
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Figure 4. Confusion matrix for LULC classification. Cell colors 

indicate row-normalized values, and numbers show pixel 

counts, allowing class-wise performance comparison despite 

class imbalance. 

 

Most classification errors occur among prevalent and spectrally 

similar classes, particularly between Low Grass and Dense 

Vegetation, Fiber Cement and Shadows and Asphalt, Shadows 

and Asphalt, and Bare Soil and Low Grass.  

 

The confusion between Low Grass and Dense Vegetation likely 

results from variations in vegetative vigor. Some low-grass 

areas exhibited high NDVI values, possibly due to increased 

plant height or artificial irrigation, such as in soccer fields. The 

misclassification between Bare Soil and Low Grass reflects both 

spectral similarity and spatial proximity, especially in rural 

areas where narrow access paths intersect pasture. Although 

Asphalt is typically identified by its dark coloration, 

homogeneous texture, and elongated shapes, misclassifications 

with Fiber Cement persist. These errors are likely due to their 

similarities in reflectance patterns. Overall, these results 

indicate that classification errors are more strongly associated 

with spectral similarity than with class imbalance. 

 

Despite the pseudo ground-truth's characteristics, U-Net Model 

G achieved satisfactory segmentation accuracy. The 

improvement observed demonstrates that the DL model goes 

beyond simply replicating the initial pseudo-labels; it refines 

class boundaries and corrects inconsistencies by learning spatial 

patterns. This highlights the model’s ability to enhance initial 

representations from spectral indices and unsupervised 

classification, reducing dependence on manual labeling.  

 

It is important to note that the results may be affected by 

inherent limitations of the Brovey pansharpening process, and 

modifications or the use of alternative methods could further 

improve accuracy. Although spatial detail is enhanced to 2 m, 

this enhancement does not generate spectrally independent 

information at that resolution. The spectral content is primarily 

determined by the original 8 m multispectral data and is 

spatially redistributed during fusion. Therefore, variations 

observed at the 2 m pixel level represent a spatial interpolation 

of the spectral response, indicating gradual transitions within 

the area corresponding to the original 8 m pixels. 

 

Figure 5 illustrates the reference data generation steps and the 

segmentation by Models B and G, showing improved 

segmentation over the initial pseudo ground truth. 

 

 A B C 

1 

   

2 

   

3 

   

4 

   

5 

   

Figure 5. Stages of LULC classification workflow. The columns 

show different areas which highlight (A) Dense Vegetation, 

Low Grass and Bare Soil; (B) Cemetery; (C) Urbanized areas. 

Row 1: CBERS 04A RGB image. Row 2: pseudo-label dataset 

generated from spectral indices, PCA, and Iso-Cluster 

classification. Row 3: initial segmentation produced by Model 

B, highlighting misclassification patterns (e.g., shadows 

classified as water and omission of the cemetery). Row 4: 

manually corrected reference dataset derived from Model B. 

Row 5: segmentation generated by Model G. 

 

5. Conclusions 

This study evaluated the technical feasibility of a pseudo-

labeling strategy based on spectral indices and PCA, combined 

with a U-Net model with a ResNet-34 backbone implemented in 

ArcGIS Pro, for high-resolution LULC mapping using CBERS 

04A (WPM) imagery. The proposed approach substantially 

reduced the requirement for manual data labeling while 

maintaining high classification accuracy and delivering precise 

spatial delineation of LULC features. 

 

The proposed methodology enabled accurate segmentation of 

the primary LULC classes present in both urban and rural areas. 

These findings demonstrate the effectiveness of the U-Net 

model in segmenting features within high-resolution remote 

sensing imagery, even under conditions of significant class 

heterogeneity and limited spectral bands. The most substantial 

classification challenges arose with targets exhibiting dark 
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coloration and homogeneous texture, such as shadows, fiber-

cement roofs, and asphalt. Future improvements may involve 

increasing the quantity of labeled input data or incorporating 

additional information into model training, such as the spectral 

indices and PCA generated in this study. 

 

The methodological framework employed in this study is based 

on widely adopted remote sensing techniques, which ensure 

reproducibility and adaptability across different sensors and 

scene classifications. This research demonstrates that pseudo-

labeling strategies facilitate information extraction from high-

resolution imagery using deep learning models. These strategies 

reduce dependence on manually labeled data, a significant 

challenge identified in the literature, and support LULC 

mapping in complex environments, including heterogeneous 

urban areas. 

 

While the combination of spectral indices, PCA, and Iso-Cluster 

provided satisfactory pseudo-ground-truth data, manual 

adjustments to certain attributes and reprocessing of the model 

enabled the inclusion of new classes and further improved 

results. Therefore, when replicating this methodology, it is 

important to consider the additional effort these adjustments 

may entail, particularly for large-scale mapping. 

 

Based on these results, subsequent experiments will evaluate the 

model’s ability to generalize across images from the same 

sensor and location on different dates, aiming to develop a 

LULC time series. Future studies will also evaluate alternative 

pansharpening approaches, particularly those based on CNNs, 

as they are expected to preserve spectral information better and, 

consequently, enhance classification performance. 

 

The ongoing research will also automate the framework using 

Model Builder and the ArcPy environment within ArcGIS Pro, 

with the goal of producing LULC time series for the entire 

municipality of Rio Claro. These results have the potential to 

improve monitoring of territorial transformations in Brazilian 

municipalities by utilizing free, high-resolution data collected 

by a domestically produced satellite. 
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