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Abstract: The proliferation of high-resolution Earth observation data has 

created unprecedented opportunities for monitoring urban dynamics. However, 

the efficacy of supervised deep learning models for change detection is 

frequently curtailed by the scarcity of pixel-level ground truth annotations and 

the statistical heterogeneity inherent in multi-temporal or cross-sensor imagery. 

This paper presents a novel framework for Domain-Adapted Remote Sensing for 

Urban Change Detection (DARS-UCD), which leverages weak supervision from 

openly available cartographic data, specifically OpenStreetMap (OSM). We 

propose a dual-stream architecture that harmonizes feature representations 

between a labeled source domain and an unlabeled target domain, where the 

target domain supervision is derived solely from noisy, outdated, or incomplete 

map rasters. To mitigate the domain shift and label noise, we introduce a Map-

Guided Uncertainty Weighting (MGUW) mechanism coupled with an 

adversarial domain adaptation module. Extensive experiments demonstrate that 

our approach significantly outperforms standard unsupervised methods and 

achieves competitive performance relative to fully supervised baselines. The 

results validate the utility of integrating semantic map priors into remote sensing 

pipelines, offering a scalable solution for global-scale urban monitoring. 

Keywords: Urban Change Detection, Weak Supervision, Domain Adaptation, 

Remote Sensing, Deep Learning. 

INTRODUCTION 

1.1 BACKGROUND 

The accelerating pace of global urbanization necessitates robust mechanisms for 

monitoring land-use and land-cover (LULC) changes. Satellite remote sensing has 

emerged as the primary modality for this task, offering consistent, synoptic views of 

the Earth's surface [1]. The ability to automatically detect changes between bi-temporal 

image pairs is critical for applications ranging from urban planning and disaster 

damage assessment to unpermitted construction monitoring [2]. 

Modern change detection (CD) pipelines are increasingly dominated by deep 

Convolutional Neural Networks (CNNs) and, more recently, Vision Transformers. 

These models learn hierarchical feature representations that far surpass the capabilities 

of traditional handcrafted features [3]. However, the success of these data-driven 
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paradigms is predicated on the availability of massive, high-quality annotated datasets. 

In the context of semantic change detection, creating pixel-perfect change masks is an 

exceptionally labor-intensive and costly process, often requiring expert interpretation 

to distinguish between genuine semantic changes (e.g., construction of a new building) 

and nuisance changes caused by seasonal phenology, shadows, or illumination 

variations [4]. 

1.2 PROBLEM STATEMENT 

Despite the advances in supervised learning, two critical challenges impede the 

operational deployment of CD models across diverse geographies. First, the domain 

shift problem arises when a model trained on one region or sensor (source domain) is 

applied to a different region or sensor (target domain). Differences in spectral 

characteristics, spatial resolution, and atmospheric conditions lead to significant 

performance degradation [5]. Second, the annotation bottleneck remains a persistent 

barrier. While raw satellite imagery is abundant, labeled change detection datasets are 

sparse. 

To address the annotation scarcity, researchers have looked toward weak supervision 

sources. Cartographic data, such as OpenStreetMap (OSM) or varying national GIS 

databases, provide a rich source of semantic information. However, using maps as 

ground truth is non-trivial due to temporal gaps (the map may be older or newer than 

the image), registration errors, and omission noise [6]. Consequently, a robust 

methodology is required to learn effectively from these noisy, weak labels while 

simultaneously aligning the feature distributions of the source and target domains. 

1.3 CONTRIBUTIONS 

In this study, we propose the DARS-UCD framework, a unified approach to weakly 

supervised domain adaptation for urban change detection. Our primary contributions 

are as follows: 

1.  We formulate a novel domain adaptation strategy that utilizes existing geographic 

maps as weak supervisory signals for the target domain, eliminating the need for 

manual target annotations [7]. 

2.  We introduce the Map-Guided Uncertainty Weighting (MGUW) module, which 

dynamically assesses the reliability of map-derived labels during training, thereby 

preventing the network from overfitting to label noise inherent in OSM data [8]. 

3.  We provide a comprehensive evaluation on a constructed dataset spanning three 

distinct urban environments, demonstrating that our method improves the Intersection 

over Union (IoU) by substantial margins compared to state-of-the-art unsupervised 

domain adaptation techniques [9]. 
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Chapter 2: Related Work 

2.1 CLASSICAL APPROACHES 

Prior to the deep learning era, change detection was primarily approached through 

algebraic and statistical methods. Change Vector Analysis (CVA) served as a 

foundational technique, where the difference between spectral vectors in bi-temporal 

images was analyzed to determine the magnitude and direction of change [10]. 

Principal Component Analysis (PCA) and Multivariate Alteration Detection (MAD) 

were also widely employed to decorrelate spectral bands and isolate change 

information. While computationally efficient, these methods struggle with the complex 

spectral variability of high-resolution urban imagery, often failing to distinguish 

semantic changes from radiometric differences [11]. 

2.2 DEEP LEARNING METHODS 

The advent of deep learning revolutionized the field. Early approaches utilized patch-

based CNNs to classify the center pixel of image pairs. This evolved into Fully 

Convolutional Networks (FCNs) capable of dense, end-to-end prediction. Siamese 

networks, which employ weight-sharing branches to extract features from bi-temporal 

images, became the standard architecture [12]. Extensions such as Siamese-ResNet 

and networks incorporating attention mechanisms have further refined feature 

extraction, allowing models to focus on salient regions and ignore pseudo-changes like 

cloud shadows [13]. Despite their precision, these fully supervised models suffer 

drastic performance drops when tested on unseen data distributions. 

2.3 DOMAIN ADAPTATION AND WEAK SUPERVISION 

Domain Adaptation (DA) techniques aim to minimize the discrepancy between source 

and target distributions. Adversarial learning, inspired by Generative Adversarial 

Networks (GANs), has been widely adopted to align feature spaces at global or local 

levels [14]. In the context of weak supervision, researchers have explored the use of 

image-level tags, bounding boxes, or scribbles to reduce annotation effort. The 

utilization of pre-existing maps as noisy labels has gained traction, yet most existing 

methods treat map labels as static ground truth, ignoring the substantial noise 

introduced by temporal discrepancies [15]. Recent works have begun to model this 

label noise explicitly, but few have successfully integrated noise modeling with 

domain adversarial training in a unified framework for remote sensing [16]. 
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Chapter 3: Methodology 

3.1 OVERVIEW OF THE DARS-UCD FRAMEWORK 

Our proposed framework addresses the challenge of detecting urban changes in a 

target region where no manual annotations exist, but where historical map data is 

available. The system operates on two sets of data: a Source Domain DS containing bi-

temporal images and accurate pixel-level change labels, and a Target Domain DT 

containing bi-temporal images and noisy weak labels derived from rasterized OSM 

data. 

The architecture consists of three main components: a Siamese Feature Extractor 

(SFE) that processes the bi-temporal input; a Domain Alignment Module (DAM) that 

utilizes adversarial training to reduce the distribution shift between DS and DT; and the 

Map-Guided Uncertainty Weighting (MGUW) module that refines the weak 

supervision signal. 

3.2 SIAMESE FEATURE EXTRACTION 

We employ a pseudo-Siamese network architecture based on a ResNet-50 backbone. 

Unlike strict Siamese networks that share weights entirely, a pseudo-Siamese structure 

allows for slight flexibility in processing the pre-event and post-event images, which is 

beneficial when the images are acquired by different sensors or under vastly different 

lighting conditions. The encoder produces multi-scale feature maps which are 

concatenated and fused. The difference features are computed using the absolute 

difference method and concatenation, ensuring that both magnitude and spectral 

direction of changes are captured [17]. 

3.3 WEAK LABEL GENERATION FROM MAPS 

For the target domain, we utilize OpenStreetMap data. The vector data for buildings 

and roads are rasterized to match the resolution of the satellite imagery. To generate a 

proxy change label, we compare the map (assumed to represent the 'current' state) with 

the historical image, or compare an old map with a new map if available. However, 

since maps are often static, a common strategy we employ is "Map-to-Image" 

consistency. If a building exists in the map but not in the pre-event image, it is a 

potential new construction. This process generates a binary mask Ymap. It is crucial to 

acknowledge that Ymap contains false positives (registration errors) and false negatives 

(unmapped changes). 

3.4 DOMAIN ALIGNMENT VIA ADVERSARIAL LEARNING 

To bridge the gap between the source and target distributions, we introduce a domain 

discriminator D. The feature extractor G aims to generate features that are 

indistinguishable by D, while D aims to classify the domain origin of the features. This 

min-max game aligns the feature distributions. We apply this adversarial alignment at 

the output of the feature encoder (feature-level adaptation) and at the final prediction 

map (output space adaptation). 
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3.5 MAP-GUIDED UNCERTAINTY WEIGHTING (MGUW) 

Standard cross-entropy loss is sensitive to label noise. To counter this, we propose the 

MGUW formulation. The core idea is to estimate the reliability of each pixel in the 

weak label Ymap. We utilize the confidence of the model's prediction during training to 

iteratively update a reliability weight matrix. If the model, trained on the reliable 

source domain, strongly disagrees with the weak target label, the weight for that pixel 

is reduced. 

The total objective function combines the supervised loss on the source domain, the 

weighted weak supervision loss on the target domain, and the adversarial alignment 

loss. 

We define the total loss function Ltotal formally as: 

Ltotal=LCE(S,YS)+α∑i∈Twi·LCE(Ti,Ymap,i)+βLadv(FS,FT) 

Where: 

LCE represents the Cross-Entropy loss. 

S and YS are source images and labels. 

T and Ymap are target images and weak map labels. 

wi is the uncertainty weight derived from the MGUW module for pixel i. 

Ladv is the adversarial loss designed to maximize domain confusion. 

α and β are hyperparameters balancing the contributions of weak supervision and 

domain adaptation. 

The uncertainty weight wi acts as a gatekeeper. When the spectral evidence in the 

target image strongly contradicts the map label (e.g., a map indicates a building, but 

the spectral signature is vegetation), the value of wi decreases, mitigating the impact of 

the incorrect label on the gradient update. 
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Figure 1: Uncertainty Estimation Module 

Chapter 4: Experiments and Analysis 

4.1 EXPERIMENTAL SETUP 

Datasets: We evaluate our method on a composite dataset constructed from the 

LEVIR-CD (Source) and a newly assembled target dataset covering three diverse 

metropolitan areas: Mumbai, Lagos, and Berlin. The target dataset utilizes Sentinel-2 

imagery (10m resolution) paired with OpenStreetMap extracts from the corresponding 

years (2019-2021). The domain shift is significant: LEVIR-CD consists of high-

resolution aerial photography (0.5m), whereas the target domain uses medium-

resolution satellite imagery. 

Implementation Details: The framework is implemented using PyTorch on a 

workstation equipped with two NVIDIA RTX 3090 GPUs. We use the Adam 

optimizer with an initial learning rate of 1e−4. The batch size is set to 16. The 

hyperparameters in the loss function are empirically set to α=0.8 and β=0.1. We 

employ extensive data augmentation, including random rotations and flips, to improve 

generalization [18]. 

4.2 BASELINES 

We compare DARS-UCD against several baselines: 

1.  Source-Only (ResNet50): A model trained only on LEVIR-CD and applied directly 

to the target. 

2.  ADVENT: A standard entropy-minimization domain adaptation method originally 

designed for semantic segmentation. 

3.  Weak-Sup (Direct): Training on target data using map labels as ground truth 

without uncertainty weighting. 

4.  FC-Siam-Diff: A classical deep learning architecture for change detection. 

 

4.3 QUANTITATIVE RESULTS 

The quantitative performance is evaluated using the F1-Score and Intersection over 

Union (IoU) of the change class. As shown in Table 1, the Source-Only baseline 
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performs poorly, highlighting the severity of the domain shift between aerial and 

satellite imagery. Direct training on noisy map labels (Weak-Sup) improves recall but 

suffers from low precision due to map errors. 

Method Backbone Precision (%) Recall (%) F1-Score (%) IoU (%) 

Source-Only ResNet-50 45.2 38.1 41.3 26.0 

FC-Siam-Diff 

[12] 

Custom 51.0 42.5 46.4 30.2 

ADVENT ResNet-50 58.3 55.2 56.7 39.6 

Weak-Sup 

(Direct) 

ResNet-50 52.4 68.9 59.5 42.3 

DARS-UCD 

(Ours) 

ResNet-50 74.1 71.5 72.8 57.2 

Table 1 presents the comparative results on the target test set. Our method achieves an 

IoU of 57.2%, surpassing the ADVENT baseline by over 17 percentage points. This 

indicates that the combination of domain alignment and noise filtering is superior to 

either strategy in isolation. 

4.4 QUALITATIVE ANALYSIS 

To visualize the efficacy of the proposed method, we inspect the resulting change 

masks. Figure 2 illustrates the segmentation results for a sample area in Lagos. The 

Source-Only model misses large sections of new urban expansion, likely due to the 

spectral differences between the source and target sensors. The Weak-Sup model, 

while capturing more changes, introduces significant noise (salt-and-pepper artifacts) 

inherited from the rasterized maps. The DARS-UCD output shows clean boundaries 

and high coherence, successfully ignoring the registration noise present in the OSM 

labels. 

 

Figure 2: Qualitative Results Comparison 
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4.5 ABLATION STUDY 

We conducted ablation studies to verify the contribution of individual components. 

Removing the Adversarial Module resulted in a 4.5% drop in IoU, confirming that 

feature alignment is necessary even when weak labels are available. Removing the 

MGUW module caused a larger drop of 8.2% in IoU. This result is significant; it 

suggests that simply aligning domains is insufficient if the supervision signal in the 

target domain is fundamentally flawed. The uncertainty weighting effectively filters 

out the "poisonous" data points from the map labels. 

We also analyzed the impact of the hyperparameter α. We found that gradually 

increasing α during training (curriculum learning) yields better stability than a fixed 

value, allowing the model to learn from clean source data first before introducing the 

noisy target supervision. 

Chapter 5: Conclusion 

5.1 SUMMARY AND THEORETICAL/PRACTICAL IMPLICATIONS 

This paper presented DARS-UCD, a comprehensive framework for urban change 

detection that circumvents the need for expensive manual annotations in target regions. 

By synergizing adversarial domain adaptation with a robust weak supervision strategy 

based on open map data, we addressed the dual challenges of domain shift and data 

scarcity. The introduction of the Map-Guided Uncertainty Weighting module proved 

critical in enabling the network to learn from imperfect OSM data without overfitting 

to noise. The experimental results confirm that our approach is not only theoretically 

sound but practically efficacious, offering a viable pathway for automated, global-scale 

urban monitoring systems using freely available data. 

5.2 LIMITATIONS AND FUTURE DEVELOPMENTS 

While the results are promising, several limitations persist. First, the method relies on 

the existence of at least partially correlated map data; in regions with zero map 

coverage, the weak supervision branch cannot function. Second, the current 

implementation handles binary change detection (change vs. no-change) and does not 

distinguish between semantic classes of change (e.g., new buildings vs. road 

expansion). Future research will focus on extending the uncertainty weighting 

mechanism to multi-class semantic change detection and exploring temporal 

ensembles to further stabilize the predictions against seasonal variations. Additionally, 

integrating self-supervised learning techniques as a pre-training step could potentially 

reduce the reliance on the labeled source domain even further. 
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