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Leveraging convolutional and graph networks for an unsupervised remote
sensing labelling tool
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ABSTRACT ARTICLE HISTORY
Machine learning for remote sensing imaging relies on up-to-date and accurate labels Received 4 August 2025
for model training and testing. Labelling remote sensing imagery is time and cost Accepted 26 January 2026
intensive, requiring expert analysis. Previous labelling tools rely on pre-labelled data KEYWORDS

for training in order to label new unseen data. In this work, we define an unsupervised o

O_r ¢ 9 ; A @ g WA p Satellite imagery; remote
pipeline for finding and labelling geographical areas of similar context and content sensing; graph neural

within Sentinel-2 satellite imagery. Our approach removes limitations of previous meth- networks; unsupervised
ods by utilizing segmentation with convolutional and graph neural networks to encode clustering; interactive
a more robust feature space for image comparison. Unlike previous approaches we labelling tool

segment the image into homogeneous regions of pixels that are grouped based on
colour and spatial similarity. Graph neural networks are used to aggregate information
about the surrounding segments enabling the feature representation to encode the
local neighbourhood whilst preserving its own local information. This reduces outliers in
the labelling tool, allows users to label at a granular level, and allows a rotationally
invariant semantic relationship at the image level to be formed within the encoding
space. Our pipeline achieves high contextual consistency, with similarity scores of SSIM
=0.96 and SAM = 0.21 under context-aware evaluation, demonstrating robust organiza-
tion of the feature space for interactive labelling.

1. Introduction

Rapid advancements in satellite imagery and Remote Sensing (RS) have led to an explosion of data, with the
Sentinel-2 mission producing 1.6 terabytes of data daily. This wealth of data enables applications across
agriculture, land use mapping, environmental monitoring, coastal management and monitoring and geolo-
gical studies (Ahmadi and Pekkan 2021; Karthikeyan, Chawla, and Mishra 2020; Seale et al. 2022; Weiss, Jacob,
and Duveiller 2020; L. Zhang and Zhang 2022) - all of which require high-quality labelled datasets. However,
the relatively large pixel resolutions of Sentinal-2 (covering 10 to 60 m) create challenges for labelling.
A single pixel, representing a 10 m by 10 m area, may cover both land and water, introducing ambiguity and
mixed spectral responses. Traditional labelling approaches, whether bounding boxes, pixel-level masks, or
small image segments, are time consuming and costly, requiring expert input.

1.1. Existing labelling tools

Several tools have been developed to address these challenges. For example, Li et al. introduced LabelRS ([J.
Li et al. 2021]), which leverages OpenStreetMaps, Land Use Land Cover (LULC) datasets, and ArcGIS annota-
tions to generate semantic, object, or image classification datasets. While effective, such tools rely on
predefined label categories, limiting flexibility and adaptability to new or unseen classes. Beyond LabelRS,
most existing solutions are not full labelling platforms but retrieval-based systems that assist annotation by
retrieving and presenting similar images to a target image. These include CBIR-driven frameworks (Hou et al.
2019; Qi et al. 2020) and deep learning extensions such as NetVLAD and SatResNet-50 (Napoletano 2018),
which improve retrieval accuracy but still depend on prior labels for supervised training. More recently, Patel
et al. (Patel, Jones, and Redfern 2023) proposed an interactive labelling tool based on manifold embeddings
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(UMAP and t-SNE), enabling experts to explore and annotate clusters in a 2D space. However, this approach
struggles with outliers and lacks contextual awareness, highlighting the need for more robust, context-
sensitive labelling solutions.

1.2. Methods used in these tools

To improve labelling efficiency, many approaches borrow from Content-Based Image Retrieval (CBIR), which
retrieves similar content through three main steps: feature representation, indexing, and similarity measure-
ment (Y. Li, Ma, and Zhang 2021). CBIR-based systems aim to present visually similar images to assist
annotation, assuming that retrieved content shares sufficient semantic similarity.

1.2.1. Traditional feature extraction

Early CBIR methods relied on low-level descriptors capturing texture, colour, and shape characteristics.
Common techniques include Scale-Invariant Feature Transform (SIFT) (Chen et al. 2020; Zhu et al. 2016),
Gray-Level Co-occurrence Matrices (GLCM), wavelets, Gabor filters, and Local Binary Patterns (LBP) (X. Huang,
Liu, and Zhang 2014; L. Huang et al. 2016; Ranchin and Wald 1993; Yang and Newsam 2008). These
techniques primarily focus on either texture features (which capture spectral relationships) or the spectra
themselves. Once extracted, these descriptors are often aggregated into mid-level representations using
algorithms such as Bag of Visual Words (BoW) and Vector of Locally Aggregated Descriptors (VLAD) (Cao et al.
2010; Jégou et al. 2010; Sivic and Zisserman 2003). BoW employs K-means clustering to create a visual
codebook and histograms of local features, while VLAD improves upon BoW by encoding spatial relation-
ships between features and cluster centres. Despite their popularity, these methods typically lose semantic
relationships between image features, limiting their effectiveness for complex remote sensing imagery.

1.2.2. Deep learning-based retrieval

Deep Convolutional Neural Networks (DCNNs) have transformed image retrieval by learning hierarchical features
that outperform handcrafted descriptors (Imbriaco et al. 2019; Song et al. 2019). Architectures such as VGG,
ResNet, OverFeat, and CaffeNet have been widely adopted (G. Wang et al. 2017), with extensions like NetVLAD
and SatResNet-50 achieving state-of-the-art performance in remote sensing retrieval tasks (Napoletano 2018).
These models aggregate convolutional features into compact descriptors, often combined with VLAD encoding
for improved spatial awareness (G. Wang et al. 2017). Unsupervised variants using autoencoders, generative
models, and hybrid approaches with SVMs or visual codebooks further reduce reliance on labelled data (Romero,
Gatta, and Camps-Valls 2015; Q. Sun and Bourennane 2020; Tang et al. 2018). However, even deep models can
struggle with contextual relationships when features are treated independently.

1.2.3. Graph-based and context-aware methods

To address the semantic gap, recent work incorporates Graph Neural Networks (GNNs) to encode spatial context
and multi-label co-occurrence relationships. For example, Sumbul and Demir (Sumbul and Demir 2021) combine
CNN feature extraction with GNN-based similarity refinement using multiple Siamese networks and triplet loss.
Wang et al. (Y. Wang et al. 2021) propose a deep hashing approach using Graph Neural Networks (GNNs), where
deep features are extracted from a pre-trained ResNet network. Other studies leverage GNNs for cross-modal
matching (e.g. text-image retrieval) and multi-label image retrieval, demonstrating improvements when attention
mechanisms are introduced (Kang et al. 2021; Yu et al. 2022). Contrastive learning and triplet loss have also been
applied to enforce neighbourhood consistency in embedding spaces (Draganov and Dohn 2023; Yan et al. 2020;
M. Zhang et al. 2021). These approaches highlight the importance of preserving local context, such as adjacency
to water or urban density, when organizing feature spaces for retrieval and labelling. Chaudhuri et al. identified
a gap between low-level features and high-level semantic concepts (B. Chaudhuri et al. 2018). They proposed
a sub-graph matching strategy that emphasizes neighbourhood contexts within segmented images. While
effective, this approach is computationally expensive (B. Chaudhuri et al. 2018). More recent work
(U. Chaudhuri et al. 2022) improves on this by using contrastive loss between Siamese Graph Convolutional
Networks (GCNs), replacing sub-graph matching. This method applies context-based attention to nodes, enhan-
cing image retrieval performance. The key advantage of GCNs is their ability to encode neighbourhood informa-
tion into each segment through message-passing operations, facilitating more context-aware feature extraction.
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1.2.4. Manifold embedding and interactive labelling

Dimensionality reduction techniques such as t-SNE and UMAP have been explored to visualize high-
dimensional feature spaces for interactive labelling. Halladin-Da browska et al. (Halladin-Dabrowska, Kania,
and Kopec¢ 2019) applied t-SNE to enhance reference data for heterogeneous vegetation. Their method
provides contextual feedback about the relationships between features, such as distinguishing urban areas
from surrounding land or dense urban zones. This contextual discrimination, based on geographical
proximity, allows labellers to customize datasets more effectively, ensuring they can balance and fine-tune
their labelled datasets according to specific requirements. Patel et al. (Patel, Jones, and Redfern 2023)
proposed an interactive tool that embeds features into a 2D space for exploration and annotation. These
techniques are useful for preserving local distances between data points when reducing dimensionality,
which aids in visualizing machine learning results (Ali et al. 2019; Ali, Borgo, and Jones 2021). Their approach
enables experts to label clusters visually and interactively but suffers from outliers and orientation sensitivity,
where strong texture gradients (e.g. land-water boundaries) distort clustering. These limitations underscore
the need for embeddings that are both context-aware and rotationally invariant.

Recent work by Sun et al. (Y. Sun, Lei, Li, et al. 2025) and Sun et al. (Y. Sun, Lei, Guan, et al. 2025) introduces
highly efficient frameworks for unsupervised change detection in heterogeneous and multimodal remote
sensing imagery. Y. Sun, Lei, Li, et al. (2025) leverage rule-based constraints within superpixels to detect
changes without explicit image comparison, while LPEM (Y. Sun, Lei, Guan, et al. 2025) preserves locality and
spatial continuity through an energy-based formulation, avoiding intermediate difference images. These are
highly efficient and improve robustness to imaging conditions by avoiding complex transformations for
aligning heterogeneous data. Both methods share our goal of reducing reliance on predefined labels and
exploiting spatial context. In contrast, our approach targets unsupervised labelling and clustering rather than
change detection, learning context-aware embeddings via CNN and GNN to enable interactive exploration
and semantic organization of large datasets.

1.3. Limitations of existing approaches

Overall, these studies demonstrate a progression from low-level descriptors to deep learning and graph-
based approaches, with increasing emphasis on contextual relationships and interactive labelling. However,
existing methods still face challenges in semantic organization, robustness to outliers, and adaptability to
new classes — motivating our proposed pipeline that integrates CNNs and GNNs for context-aware, unsu-
pervised labelling.

Existing methods face key limitations: (i) dependence on predefined label categories, reducing adapt-
ability; (i) loss of semantic relationships in codebook-based approaches; (iii) sensitivity to outliers and
orientation, which can distort clustering; and (iv) insufficient encoding of spatial context, which is critical
for remote sensing semantics. These gaps motivate the need for a more robust, context-aware solution that
supports unsupervised labelling and interactive exploration.

1.4. Our contribution

To address the challenge of costly and time-consuming labelling in remote sensing, we sought to develop
a toolchain that enhances efficiency by presenting experts with visually and contextually similar content for
rapid annotation. Inspired by Content-Based Image Retrieval (CBIR), which retrieves similar images through
feature representation, indexing, and similarity measurement (Y. Li, Ma, and Zhang 2021), we extend this
concept to an unsupervised setting where semantic organization is achieved without predefined labels.
Unlike prior approaches that rely on low-level descriptors or purely deep learning-based embeddings, our
method integrates Convolutional Neural Networks (CNNs) for rich feature extraction and Graph Neural
Networks (GNNs) for encoding neighbourhood relationships, enabling context-aware embeddings that
preserve spatial semantics. This design mitigates the impact of outliers, introduces rotational invariance,
and supports interactive exploration of large datasets. In contrast to existing manifold embedding tools
(Patel, Jones, and Redfern 2023), which suffer from feature misalignment and orientation sensitivity, our
pipeline provides a more robust and reliable foundation for visual labelling.
Specifically, we make the following contributions:
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(@) We improve the coherence of embedding spaces by achieving tighter cluster formation, facilitating
easier navigation through unsupervised clustering.

(b) By integrating GNNs and feature encoding on image segmentations, we demonstrate that the
resulting two-dimensional embedding space is robust to spatial transformations and encodes local
context.

(c) Finally, we apply this methodology to develop an advanced interactive tool for exploration and
labelling, enhancing both efficiency and accuracy in dataset creation.

2. Materials and methods

The proposed pipeline (Figure 1) consists of three key components: a U-Net for feature extraction, a Graph
Neural Network (GNN) for generating relational embeddings, and a graph-matching algorithm for assessing
graph similarity. This design explicitly bridges the gap between low-level pixel features and high-level
semantic concepts as identified by Chaudhuri et al. (2018). First, SLIC segmentation operates directly on
raw pixel values to partition the image into super-pixels, creating spatially coherent regions that serve as
graph nodes. These segments preserve local spectral and textural characteristics while introducing
a structural representation of the image. Next, the U-Net extracts rich activation maps from the original
image, which are aggregated within each segment to form node-level feature vectors. The GNN then
propagates information across these nodes, encoding neighbourhood relationships such as adjacency to
water or urban density. Through this message-passing process, isolated low-level descriptors are trans-
formed into context-aware embeddings that capture both local detail and spatial semantics. Finally, graph
matching and UMAP projection organize these enriched embeddings into a manifold where clusters
correspond to meaningful categories (e.g. vegetation, urban, coastal), enabling interactive labelling at
both chip and segment levels. This progression from raw pixels to graph-based context ensures that local
pixel information is contextualized within its environment, achieving the bridging between low-level and
high-level representations.

2.1. Dataset

We utilize the Sentinel-2 Water Edges Dataset (SWED) developed by the UK Hydrographic Office
(Seale et al. 2022). It consists of globally distributed Sentinel-2 scenes captured 2017-2021 anno-
tated for coastline extraction, although we do not use the labels. The images are tiles, regions of
10,980 m by 10,980 m, taken in a single pass of the satellite. Minimal cloud coverage is present
within the dataset, and each tile contains a diverse set of coastal landscape features from globally
distributed locations.

Figure 1. This diagram illustrates the data flow within the pipeline. Blue boxes represent the contracting layers of the U-Net,
red boxes the expansive layers, and yellow the predictive layer. Blue lines indicate skip connections. Red lines show how
data is used in the loss function, where the third GNN layer reshapes its input to enable comparison with the targets.
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2.2. Fuzzy C-Means target extraction

Due to the spatial resolution of most satellite platforms, pixel assignment can be ambiguous or uncertain (Y.
Zhang et al. 2024). Fuzzy C-means extraction, unlike its K-means counterpart, assigns to each data point
a degree of membership to each cluster, transforming the problem into a multi-label classification. We use all
12 spectral channels for clustering. To reduce memory requirements during model training, we apply
uniform subsampling by selecting every 56th pixel across the image, ensuring representative coverage
while significantly lowering computational cost. After training, the clustering model is applied to the full-
resolution image to obtain tile-wide classifications. The resultant centroids do not correspond to specific
physical materials (e.g. water or concrete) but rather represent dominant spectral patterns, combinations of
reflectance values across bands, that capture the most common pixel properties in the scene. These
properties reflect typical spectral signatures rather than discrete land-cover classes, enabling soft classifica-
tion and generalization for pixels that do not fully belong to any single cluster.

2.3. Pre-Proccessing

For processing by the U-Net and GNN we split the tile into chips. A chip is created by applying a sliding
window of size 256 x 256 pixels to the larger image, with no overlap between consecutive windows. This
results in 42 x 42 chips containing 10,752 x 10, 752 of the original tiles 10,980 x 10, 980 pixels. For training
and testing, we split the dataset by taking every fourth chip in a top-down, row-by-row pattern for the test
set obtaining a 75/25 split. The size of the chip is a balance between training size and preserving contextual
neighbourhood information. The larger the image the more computationally expensive the resulting pipe-
line becomes however more information about neighbouring features can be encoded. Considering CNN
filters, larger chips result in fewer edge cases.

2.4. CNN feature extraction

To learn the texture representation we utilize a CNN where the learning function considers the C-Means
classification (Bezdek, Ehrlich, and Full 1984) for an objective discrimination of features. The CNN of choice
was a U-Net, with five layers each for the encoder and decoder. Starting with 64 kernels in the encoder, these
are doubled for each consecutive layer to 1024 in the final layer and opposite for the decoder. The target of
the model is the fuzzy C-Means predictions. We used 2, 8 and 18 clusters to explore the performance of the
U-Net. As each fuzzy classification is non-exclusive, a multi-label loss function is used. The loss function
combined Dice loss and binary cross entropy Seale et al. (2022).

N > (X.Yi)
A0 =25 SO T
T
D= E;d(l)

As each class has its respective probability we can calculate the loss for each class, d(i) and average, D. Here
d(i) is the dice loss for one class j, X; is the true probability and Y; is the predicted. Finally C is the number of
classes. Similarly, we calculate binary cross-entropy loss concerning each class and average. The final loss
combining the two is a variation of combo loss (Taghanaki et al. 2019).

The final convolutional layer of the CNN produces the same image shape as the input with 64 convolu-
tional activation maps in contrast to the 12 spectral channels. To combat over-fitting we applied random
rotation and noise to the training set to increase the variation artificially. In addition, we applied early
stopping when the loss was no longer reducing after 15 epochs. There is an increase in loss as the number of
fuzzy C-means classes increases as we discriminate between even finer spectral detail.
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2.5. Graph construction

Nodes for the graphs are determined by the Simple Linear Iterative Clustering (SLIC) algorithm (Achanta et al.
2012) where each segment is considered a new node. SLIC produces local homogeneous parcels which for
encoding geographical neighbours is ideal. We set the target number of segmentations for SLIC as N = 500.
This choice was made to over-segment the image, resulting in a roughly 1310m? coverage for each segment,
which provides finer granularity while balancing computational cost. Although SLIC dynamically adjusts N
based on each sample as it splits or merges segments, we selected N = 500 as a practical compromise
between segment size and efficiency. This decision was supported by sensitivity analysis (Section 3.4), where
N = 500 consistently achieved the best trade-off between accuracy and performance compared to N = 200
and N = 800. We used SLIC for super-pixel generation due to its computational efficiency and ability to
produce spatially compact, homogeneous segments, which are well-suited for encoding geographical
neighbourhoods in graph structures. SLIC is widely used in both computer vision and remote sensing
because it offers fine control over segment size and compactness while maintaining low memory overhead,
an important consideration for large Sentinel-2 tiles. Although Sentinel-2 imagery contains multiple spectral
channels, we applied SLIC to the RGB bands only. This choice reflects a trade-off between segmentation
quality and computational cost: RGB channels capture dominant spatial and textural patterns for defining
segment boundaries, while the full multi-band spectral information is incorporated later during CNN feature
extraction.

The features of each node are F; = {A}. Where A is the mean values of each of the 64 activation maps from
the CNN for each segment. Edges for each segment are determined by connecting to the K geographically
nearest segments, where K = 8. This strategy was chosen to preserve spatial context, which is critical for
remote-sensing semantics: for example, distinguishing a water segment surrounded by ocean from one
adjacent to urban areas. Using feature similarity-based K-NN would risk linking distant regions with similar
textures, losing neighbourhood information that our pipeline relies on for context-aware embeddings.
Geographical adjacency also offers computational advantages, as edge connections remain fixed and do
not require iterative recomputation during training. The choice of K = 8 was supported by sensitivity
analysis (Section 3.4), where this value achieved the best balance between accuracy and efficiency. This
work differs from previous approaches by Diao et al. (Diao et al. 2022) because we only include information
from the CNN and rely on geographical neighbours to construct edges. The resulting representation is
a graph G(V,E) with N = V nodes, each with 64 features F. There are K x N unweighted edge connections
between nodes, approximately 8 x 500 edges.

2.6. Graph neural network

The graph attention network is three layers with attention mechanisms (Brody, Alon, and Yahav 2021). The
final layer produces the C dimensional output for each class predicted. The loss function is categorical cross
entropy for each predicted class compared to the averaged C-mean of each segment. The new hidden
feature vector for each node, X'; can be calculated with the following:

Xi=li o D oW
JEN(i)Ui
where k is the number of attention heads, || denotes vector concatenation, o(+) is an activation function, N is
the Neighbourhood of edges to i, W is a matrix of parameters for the k-th attention head and q; are
attention coefficients defined by the following:

B exp(a’LeakyReLU ([Wx; || Wx; || e;]))
 Dkenyui ©xp(a’ LeakyReLU([Wx; || Why || ey]))

ajj

where ej is an edge between node i and connected node k.

Each hidden feature vector for a node has 64 variables, given that our ultimate goal is to visualize and
compare similarities we need to maintain or reduce the size of the feature vector in favour of improved
computational performance over accuracy. This is achieved by reducing the output feature dimensions of
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the GAT layers. In our experiments, the extracted features are the output of the second to last GAT layer,
within this layer we constrict the output of the features to eight hidden feature vectors with eight attention
heads. Therefore our final representation is a 64-dimensional vector. The third layer reshapes this vector to
enable comparison with the targets in the loss function.

Similarly we tested a 3-layer graph convolutional network (GCN) with an embedding vector of 60 hidden
features. The choice of testing both networks is to see if the inclusion of an attention mechanism impacts the
information in each node in relation to its neighbours.

For these and the above parameters we systematically explored various parameter configurations (e.g.
number of GNN edges, U-Net and GCN layers, nearest neighbourhood for SLIC) and selected those that
provided the best trade-off between accuracy and computational efficiency, focusing on parameters that
had the most significant impact on performance (see Graph layer ablation).

2.7. Graph matching

For each chip in our pipeline, we obtain a graph G(V, E) where each node V is linked by edge E. A node refers
to a singular segmentation within the chip (see the yellow outlined segments in Figure 1). Edges are
connections to the nearest neighbouring nodes in feature space, X from the second layer of the GNN.
The second layer is chosen as it provides contextual information for each segment as it encodes neighbours
from two hops away, neighbours of neighbours (this is evaluated in Section 2.9.2). Graph matching finds how
similar two graphs are based on their node and edge composition. As our approach utilized many segments
our resulting nodes are in the hundreds, therefore, utilizing multi-graph solvers which take into account both
vertices and edges is infeasible in both memory and computational complexity. We simplify the matching to
a bi-partite graph representation using the Hungarian algorithm to match nodes present in both graphs and
calculate the overall similarity based on the distance between matched nodes in feature space X. Applying
the matching to create a similarity matrix for every chip processed through UMAP (Mclnnes, Healy, and
Melville 2020) creates a two-dimensional embedding for visualization as follows in Section 2.8.

2.8. 2D projections

We provide the user with an interface that can switch between two modes. In the higher-level mode, users
interact with 256 x 256 pixel chips. In the lower-level mode, users interact with the segments. In both cases,
the user interacts through a 2D UMAP projection of the manifold - Figure 2 (top) - and sees the relevant
chips or segments in the view below - Figure 2 (bottom).

UMAP requires either a set of vectors representing each data point or a precomputed similarity matrix,
typically based on pairwise distances or cosine similarities. Low-level segments are represented by a singular
64 or 60-dimensional vector from the graph attention networks and are readily available for UMAP projec-
tion. Higher-level chips are represented as graph structures, where each node corresponds to a 64 or 60-
dimensional vector. To compare the two chips, we apply Hungarian matching to align their nodes, producing
a one-to-one correspondence between vectors. We then compute the cosine similarity for each matched pair
and average these values to obtain an overall similarity score between the two chips. Repeating this process
across all chip pairs yields a similarity matrix, which serves as input to UMAP for generating the high-level 2D
projection.

2.8.1. Front end (user interface)

The front end provides the interactive 2D manifold view (UMAP) at two levels: (i) chip-level points, and (ii)
segment-level points for selected images. Users can pan, zoom, and brush rectangular selections. Selected
points are reflected in a linked image panel that renders the corresponding chip thumbnails or super-pixel
masks. For performance, the user interface is written using DirectX 11 and C++. The real-time interaction (in
the accompanying video) was captured whilst using an NVIDIA RTX 3090.

2.8.2. Back end (model and data handling)
All model training and inference are implemented in PyTorch with GPU acceleration via CUDA. The offline
pipeline includes U-Net training for feature extraction, GNN training for context-aware embeddings, and
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Figure 2. UMAP dimension reduction to 2D on the graph matching output of our entire pipeline. At this level, each point
represents one chip. The user interactively highlights a resizeable region which can be dragged across the manifold
representation. Chip images represented by the 2D points within the highlight are displayed in the pane below. Training did
not use any labelled data. (video frame edited to save space in the paper).

UMAP projection for dimensionality reduction. These activation maps, graph embeddings, and 2D coordi-
nates, are saved to files and accessed by the front-end interface for interactive exploration. During interac-
tion, the tool reads these precomputed files to render chip thumbnails, segmentation masks, and manifold
positions in real time. This design separates heavy batch computation (performed offline on an NVIDIA RTX
3090 GPU) from lightweight rendering and selection operations.

2.9. Evaluation

To test the GNN part of our architecture, we define two levels of similarity evaluation between the SLIC
super-pixels (segments) — feature-based and context-aware.

2.9.1. Graph evaluation I: feature-based

Under feature-based evaluation the SLIC segments are fed into each GNN, producing feature space, X. For
each segment, we compare it to its closest segment within the feature space. The comparison was made
using four common similarity measures; grey level occurance matrix (GLCM), linear binary patterns (LBP),
Structured similarity index measure (SSIM) and spectral angle mapper (SAM). The first two measures were
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calculated via a bounding box that enclosed the segment, the latter two purely on the content within the
segment. This test allows us to find the conditions and parameters that produce the best GNN.

2.9.2. Graph evaluation Il: context-aware

Under context-aware evaluation, we enhance the evaluation by considering spatial context. For each
segment x, we evaluate its similarity not only to y in feature space but also by taking into account the
eight nearest spatial neighbours of both segments. The similarity between x and y is then adjusted to ensure
that the spatial arrangement of their neighbours is also preserved. We use the Hungarian matching
algorithm to find the optimal one-to-one correspondence between the neighbours of x and those of y, to
test neighbourhood preservation. This context-aware evaluation leads to a more accurate representation of
the similarity between super-pixels, reflecting both feature similarity and spatial proximity. The one-to-one
correspondence resulting from the bi-partite matching, leads to nine node pairs, each pair consisting of two
segments, either x or a neighbour of x and y or a neighbour of y. Each pair’s similarity is then computed with
GLCM, LBP, SSIM and SAM and averaged for all nine pairs.

2.9.3. U-Net evaluation

Part of our architecture is a U-Net that provides unsupervised features to feed into the GNN and graph
matching. For this evaluation we compare our U-Net architecture to the state-of-the-art approaches of using
ResNet-50 and GoogLeNet (Helber et al. 2019). The benchmarked approaches (Helber et al. 2019) were pre-
trained on millions of images and then fine-tuned on EuroSat data. We utilize our pre-trained U-Net with two
additional linear layers appended for classification. Our U-Net being pre-trained on only 1411 images, from
a singular geographical region. If this test achieves an accuracy close to state-of-the-art we can attest that our
U-Net, with some fine-tuning, has learnt rich features for the remaining parts of our pipeline. Successful
application of the U-Net on a larger and more geographical diverse dataset also would demonstrate geo-
generalizable weights.

2.9.4. Tool evaluation

Additional to the above approaches, we also provide an evaluation of our interactive application that allows
the user to explore and label the final features produced in two dimensions via UMAP for exploration and
labelling. Please refer to the video submitted as a supplementary file for an example exploration of the
feature space to label at both the top chip level and the segmentation level. A public version is available at
YouTube https://youtu.be/GZI1ebZJgEAYouTube., and is archived at https://doi.org/10.5281/zenodo.
16676591. Zenodo (Patel and Jones 2025).

3. Results
3.1. Remote sensing labelling application (see 2.9.4 tool evaluation)

Our pipeline enables advanced interaction within our labelling tool. Referring to the provided video Patel
and Jones (2025) of the tool utilized on the dataset, this section presents frames extracts from the video to
demonstrate and discuss functionality.

The main contributions are (Section 3.1.1) the tool allows exploration of feature space, X, via a two-
dimensional interface where our pipeline has resulted in successful organization of the high-dimensional
manifold. The resultant clusters are compact and contain visually related images. (Section 3.1.2) embedded
images with large texture gradients have no adverse impacts on the similarity measure using our approach.
(Section 3.1.3) we significantly extend previous labelling approaches by enabling this interaction on pixel-
based segmentations within the larger images, thus allowing fast labelling at a finer granularity.

3.1.1. Cluster exploration

In Figure 2 (top), the user interacts with the 2D manifold representation of the 256 x 256 chip-level data by
brushing selected points. The brushed points, highlighted in yellow, correspond to specific source images,
which are simultaneously displayed in the image pane (Figure 2, bottom). This particular cluster reveals
a patchwork of fields. The accompanying video illustrates the manifold’s spatial evolution by showing image


https://youtu.be/GZl1ebZJgEAYouTube
https://doi.org/10.5281/zenodo.16676591
https://doi.org/10.5281/zenodo.16676591

10 (&) T.PATELETAL.

chips transitioning through farmland, industrial zones, residential areas, increasing water bodies (e.g. lakes
and sea), and other geographical features.

Figure 3 shows more example content of the embedding space. Samples drawn and shown from the
clusters contain mainly sea (A), land with water (B), dense built-up areas (C) and farmland (D). Area A in the
embedding is consistently majority water content, there is very little presence of land. However, the features
within that cluster do not differentiate between any features such as boats or offshore installations. Sample
space B includes nearly all water content features present near land, the cluster sits directly between A and
D which are exclusively just land or water. This evolution of features shows at the chip level that water
content is a highly relevant feature for similarity.

3.1.2. Rotational invariance (Figure 4)

Within our application, the utility of representing our images as segmentations with mean feature aggrega-
tion has a two-fold effect. Firstly, rotational invariance is introduced by Hungarian matching disregarding the
geographical layout of features, as only segments are compared. Secondly, taking the mean of each feature
map removes any encoding of strong gradient changes within the activation maps. For an example of both,
we refer to Figure 4. Work produced by (Patel, Jones, and Redfern 2023) shows an example of a large textural
and spectral disparity between land and sea. The clustering has been directly influenced by the orientation of
this boundary, with the inclusion of outliers containing cloud and water where they follow the same
gradient. In comparison our work has ignored strong directional gradients within the image data, e.g. see
Figure 3. In Figure 4, we visually selected a cluster also of approximately 50/50 land/water coverage, which
indicates there is no obvious common directional gradient.

3.1.3. Segmentation analysis (Figure 5)

A major contribution is enabling finer sub-image labelling based on the segmentations. The user
starts by selecting images they wish to examine in detail. A new interactive 2D projection of the
feature space, X, is displayed where each point represents a single (SLIC) segmentation within the
images. Similar to the image exploration, our approach produces a successful organization of the
manifold where segments are very closely related. In Figure 5 we see at the top the 2D interactive
display where each point represents one segment within the image data. By brushing multiple

Figure 3. Example of the U-map embedding dimensionality reduction of high dimensional feature space, X, output from the
final graph matching stage of our entire pipeline. Training was unsupervised. The images selected by the user highlights are
shown in the display pane with the labels A-D explained in Section 3.1.1.
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Figure 4. Example of the UMAP embedding space from (Patel, Jones, and Redfern 2023), showing results influenced by
strong texture similarities due to edge alignment, and a comparison with our approach, which introduces rotational
invariance to remove this strong alignment.

points in 2D, the user will see all corresponding segmentations in the reference images below. This
manifold evolves from vegetation on the left to largely urban areas on the right. Here we combine
two frames from the video where the left selection displays the vegetation with some urban features
(top row of images), and the right selection displays the almost pure urban features (bottom row of
images). This empowers the expert to quickly label at a fine level of segmentation (as demonstrated
in the video).

The third row shows a further example of extracting features that share common geographical neigh-
bourhoods, in this particular example golf courses. Although unsupervised, the embedding space has
clustered larger and smaller golf courses irrespective of their sizes. The video demonstrates an example of
how to build up a labelling of the golf course data through selection and filtering data points in the manifold.

The projection at segment level has also clustered the various water bodies within the images (Figure 6).
Via exploring the manifold, the user is able to make a selection that segments water features effectively. We
found that various different forms and sizes of water bodies including large bodies of water are easily
selected via the interface and extracted simultaneously.

3.2. U-Net test (proposed in U-Net evaluation 2.9.3)

The aim of this test is to evaluate whether the U-Net part of our architecture achieves close to state-of-the-art
performance to feed into the rest of our graph neural networks, graph matching and interactive application
pipeline.

In order to validate the utility and generalizable application of the methodology we want to demonstrate
that the trained U-Net (trained using unsupervised C-means clustering) is generalizable. In order to evaluate
the U-Net we compare to a benchmark experiment on the EuroSat dataset (Helber et al. 2019). The dataset
consists of 27,000 labelled images from Sentinel-2 mission covering ten separate classes. We resized the
images from 64 x 64 to 256 x 256 to match the training data. We did not apply bottom-of-atmosphere
correction. The Eurosat models were pre-trained on 1.2 million images from the ILSVRC-2012 dataset.

We append and train two additional linear layers for class prediction on the EuroSAT dataset. Our aim is to
evaluate if the learnt weights are generalizable and whether the model can find an appropriate minimum
given a starting feature space. Despite not using a traditional classification model (we use a U-Net) and pre-
training on a much smaller dataset, our approach achieves performance comparable to state-of-the-art
methods (Table 1). This validates the U-Net component of our architecture.
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Figure 5. Example (from video) of projecting four images and exploring their segmentations to label as urban or vegetation.
The left selection, (A), shows the largely vegetation segments in the first row of images and (B) largely urban development
in the same four images, but demonstrated in the second row. (C) is a selection in the manifold of segmentations which
related to golf courses and are present on different images as displayed on the third row (the golf course example is in the
video).

It is important to note that Table 1 is not intended as a primary result of this work but as a validation step
to demonstrate that our U-Net, trained in an unsupervised manner, learns generalizable features suitable for
integration into the full pipeline.

3.3. Graph encoding comparison (see 2.9.1 graph evaluation)

We trained GCN and GAT variations of graph networks against C-means clusters with C=2, 8 and 18.
These were evaluated using various similarity measures. GLCM and LBP indicate the textural differ-
ences between images. SSIM measures structure, contrast and luminance. SAM is based solely on the
mean spectral difference between each segment. This section analyses the construction of our
embedding spaces by determining the effect of the different C-means cluster number on the
pipeline.

This first experiment computes the measures between each segment, A, and its nearest neighbour, B, in
the feature space X (Table 2) and average that over all the segments. This tests whether the GNN places
similar segments together in the feature space. The number of C-means clusters exhibits low sensitivity, and
we therefore fix C =8 as the optimal choice for our model.
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Figure 6. Example of extracting water features at segment level. There are various water features including lakes, rivers and
sea. Here, as in Figure 5, the semi-transparent blue indicates the areas masked away, and the full colour segments (which
are dark because they are water features) are the selected areas for labelling.

Table 1. Classification accuracies for
each model tested, where C is the
initial fuzzy C-Means clustering num-
ber. EuroSat results are taken from
(Helber et al. 2019). These results
serve as a validation of the U-Net
component rather than the primary
contribution, confirming its ability to
learn generalizable features for use in
our unsupervised labelling pipeline.

Method Accuracy
EuroSat ResNet-50 98.57
EuroSat GoogleLeNet 98.18
C=2 linear layers 93.24
(=8 linear layers 97.43
C=18 linear layers 93.42

Table 2. Average of each similarity measure over every pair of nearest
neighbouring segments in feature space, X, created by each method. This
corresponds to Section 2.9.1 feature-based graph evaluation.

Model GLCM | LBP SSIM 1 SAM |
GCN 2 16.2770 0.8571 0.9120 03321
GCN 8 15.4685 0.8716 0.9287 0.2887
GCN 18 15.5322 0.8671 0.9243 03017
GAT 2 16.0025 0.8633 0.9201 03112
GAT 8 15.5676 0.8704 0.9256 0.2942

GAT 18 15.7663 0.8673 0.9237 0.2992
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Table 3. Average of each similarity measure over every pair of nearest
neighbouring segments. The similarity between each segment takes into
account the context of its local geographical neighbourhood as described
in the referring text. This corresponds to Section 2.9.2 context-aware graph

evaluation.
Model GLCM | LBP 1 SSIM T SAM |
GCN 2 14.4610 0.8983 0.9589 0.2152
GCN 8 13.7904 0.9034 0.9624 0.2064
GCN 18 13.7278 0.9033 0.9620 0.2066
GAT 2 14.2259 0.9000 0.9560 0.2122
GAT 8 14.0145 0.9018 0.9613 0.2092
GAT 18 14.0557 0.9013 0.9611 0.2100

The second experiment will find the eight spatially closest segmented neighbours in the original image to
A. It also finds the eight spatially closest segment neighbours to B. Hungarian matching is then used to pair
segments between these two neighbourhoods, forming nine matched pairs. The similarity measures are
computed for each pair to assess how similar the neighbourhoods are. This experiment tests whether
segments with similar local contexts, implicitly captured by the two graph layers, are also close in the
learned feature space. Ideally, the feature space should position segments near others that share similar
neighbourhood structures. For example, a small body of water surrounded by urban segments should be
placed near other similarly situated water bodies.

Overall the aim of this test is to evaluate that our pipeline is able to place segments of a certain type and
surrounding close within the feature space as this lends itself to being the best interaction for a user by
enforcing local structural awareness. The best similarity results were for eight clusters and GCN type was
better than GAT, see Table 3. From our results presented in the video it is possible to see that segments are
contextually close making the labelling easier. The graph convolutional network, trained on eight C-means
clusters seems to be the best balance in our tests and was therefore used in our pipeline, although again
there is low sensitivity to cluster number. Overall these models take into account the neighbourhood and
texture more than the individual segments or spectral differences.

3.4. Parameter sensitivity

In this section we explore the parameter sensitivity for two key values within the pipeline. These two
parameters are the initial K value and N for SLIC during the graph construction phase, Section 2.5. The
variations in parameters are tested via our context-aware approach to segmentation comparison detailed in
Section 2.9.2. We also report results when utilizing only the CNN output and the first layer of the GCN. These
tests are compared against the best pipeline (GCN 8) where K =8 and N = 500 segments in the SLIC
algorithm.

We used eight edges during the graph generation phase. Here we compare results for K € {4,8,12}. Our
pipeline shows an improvement in for larger number of edges (K) in the neighbourhood (Table 4). Increasing
the number of edges (K) increases the GCN training time and graph matching. For example, given the
Hungarian algorithm’s complexity of O(N3), where N is the sum of all nodes in both graphs, the complexity
for K = 8is 16> whilst K = 12 is 243, Correspondingly, for the GCN training times for K = 8 was 1.6 hours and
K = 12 was 6.6 hours. In our tests, larger K produces more accuracy, but at significantly slower training times,
and therefore we used K = 8 as a good balance.

Here we report values of N € 200, 500, 800 for the number of SLIC segments. Our initial choice, N = 500,
was to cover an approximate area of 1300m? for ease of interpretability and efficiency when visualized for

Table 4. Comparison of varying K, during the graph construction phase
(Section 2.5).

K GLCM | LBP 1 SSIM 1 SAM |
4 14.2846 0.8992 0.9583 0.2140
8 13.7904 0.9034 0.9624 0.2064

12 13.2240 0.9075 0.9649 0.1988
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the user (the mean average size of segments is 256 x 256 + 500 = 131 — approximately 11 by 11 pixels and
each pixel is 10m? in Sentinel-2). A smaller area allows finer labelling at the cost of speed, namely projecting
and labelling more points. This choice for N was also optimal when considering local neighbourhood
encoding using the different measures, see Table 5. For smaller N values, we see that comparing segments
via GLCM shows better results however, over all measures N = 500 is the most accurate.

3.5. Graph layer ablation

Finally, we validate our architecture by conducting an ablation study on the use of embeddings from our graph
output. Our architecture produces graph outputs at three stages: (1) during graph generation, which combines
the CNN U-Net output and SLIG; (2) at the output of GCN layer 1; and (3) at the output of GCN layer 2, which is the
version reported throughout this work. The output of GCN layer 3 is a learnt reshaping from the second layer, from
hidden dimension to C-means predictions, used only for the loss function. As such, it is not suitable for use as an
embedding.

Table 6 demonstrates that selecting GCN layer 2 as the embedding layer yields optimal performance on
three of the metrics related to texture and spectral similarity, which are particularly relevant to our interactive
pipeline. The only exception is SSIM, where the combination of CNN U-Net output and SLIC performs best.

3.6. Computational complexity and runtime efficiency

The proposed pipeline was designed with efficiency in mind, balancing accuracy and computational
cost through parameter tuning (Section 3.4). The complexity of each stage is as follows: SLIC segmen-
tation operates in approximately O(P) time, where P is the number of pixels, and is highly efficient for
large Sentinel-2 tiles. Fuzzy C-Means clustering introduces iterative updates but remains tractable for
moderate cluster counts (C € {2,8,18}). Using THOP, our U-Net requires 55 GFLOPs per forward pass
for a 256 x 256 input with 12 Sentinel-2 channels. The model contains 31 M trainable parameters.
Graph construction scales with O(N + K - N), where N is the number of super-pixels and K the number
of edges per node (here K = 8). Message passing in the GNN is linear in the number of edges, O(|E|),
and was implemented with efficient batching. The GNN contains 17K parameters and requires 415
MFLOPs per forward pass. Hungarian matching introduces the highest theoretical complexity at O(n®)
for n nodes per graph (approximately n = 500), but this step is applied only during similarity computa-
tion and is GPU-accelerated. Dimensionality reduction via UMAP scales well for interactive use and was
precomputed for large batches.

On our test hardware (NVIDIA RTX 3090 GPU, 24 GB RAM), training the U-Net required approximately 10 hours
for 600 epochs, and the GNN training completed in 1.5 hours for 300 epochs. Inference for a single tile (42 x 42
chips comprising 256 x 256 pixels) through the pipeline (segmentation, feature extraction, graph generation,
graph inference, Hungarian matching, and embedding) requires approximately 23 minutes. This time is domi-
nated by the O(n®) Hungarian matching process (194,481 pairs of chips) which takes 20 minutes (Table 7),

Table 5. Comparison of varying SLIC parameter N, used during the graph
construction phase Section 2.5.

SLIC GLCM | LBP | SSIM 1 SAM |
200 12.4336 0.8888 09166 03608
500 13.7904 0.9034 0.9624 0.2064
800 14.8003 0.8604 0.9404 02819

Table 6. Comparison of utilizing different outputs for the final graph representation, the
graph construction phase (Section 2.5) and the first layer of the GCN. These are
compared to the ideal pipeline, GCN with 8 C-means.

Image Representation GLCM | LBP 7 SSIM T SAM |
Graph Generation 14.6613 0.8970 0.9853 0.2165
Layer 1 14.3951 0.8988 0.9590 0.2147

GCN Layer 2 13.7904 0.9034 0.9624 0.2064
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Table 7. Example runtime breakdown of the full processing
pipeline on 1764 chips (each 256 x 256 pixels).

Step Time
Segmentation 2min20's
Feature extraction (U-Net) 6s
Graph generation (parallelized) 8s
GNN 6s
Hungarian matching, (194,481 pairs, parallelized) 20 min
Embedding (UMAP) 15s

however is only computed once for a dataset. The application interaction achieves a frame rate update of 60
frames per second, although this is variably dependent on the amount of points selected by the user via the
brushing interaction.

4. Discussion

Our pipeline creates a 2D interactive interface that enables users to apply labels to segments and chips
extracted from remote sensing (RS) images. We demonstrate that unlabelled data can be effectively
leveraged using C-means clustering, SLIC segmentation, and a U-Net architecture, all of which contribute
to the loss function of a graph convolutional network (GCN). The GCN takes as input the SLIC segments and
the final layer of the U-Net, allowing it to learn representations that capture both individual segment features
and their spatial context. The resulting graph embeddings are compared using Hungarian matching to
assess neighbourhood similarity. These comparisons are used to construct a similarity matrix, which is then
projected into 2D using UMAP to power the interactive interface.

By exploring hyperparameters, we arrive at an optimal model and architecture that, as shown in the
accompanying video, enables intuitive and efficient interaction with both high-level chips and low-level
segments. We validated key components of the model and provided a quantitative assessment of its
performance including sensitivity and ablation study.

The high ingestion rate of remote sensing (RS) data and the need for labelled datasets remain major
challenges - especially in emerging or niche application areas where accurate, up-to-date labels are scarce.
Creating large, high-quality datasets typically requires costly expert input. To address this, our proposed
application framework reduces labelling effort by enabling users to find similar features across RS images.
Presenting data as image chips, rather than traditional map views, streamlines the labelling of large areas.
While map-based projections offer geographic context, chips allow users to more easily assess visual and
contextual similarities. Future work could integrate both views through a coordinated interface.

Remote sensing (RS) data captures the physical properties of surface materials, which reflect light at
varying intensities depending on the recorded wavelength. Within a single 10m? pixel, multiple materials
may contribute to the signal, resulting in mixed spectral responses, therefore, spectral unmixing was the
original inspiration behind our generalizable CNN model. Our use of fuzzy clustering emulates this principle
by allowing soft associations between segments and composite material types. However, an open question
remains: could the pipeline be further improved by integrating spectral unmixing algorithms (Feng et al.
2022) commonly used in the RS community? Alternatively, incorporating a priori knowledge of material
reflectance properties could guide centroid selection to better target or generalize the labelling process.

The graph matching process within this pipeline and the tests poses an interesting computational
problem. Whilst Hungarian matching can be processed on graphics cards reducing time taken it still remains
a costly problem to solve. The complexity is O(n*) where n is the count of nodes in both graphs. In order to
save time this process could be estimated via an Al model. Similarly UMAP and t-SNE could be solved by
training parametric models (Sainburg, Mclnnes, and Gentner 2021; Svantesson et al. 2023). Large dataset
projections could be calculated offline to user interaction however branched projections of many segments
could benefit greatly from parametric models.

At the low-level we allow users to label segments. Even lower pixel-level classification would require
future work to improve the segmentations where only extremely similar or identical pixels are grouped. This
could impact the time complexity of the graph matching as more segmentations would be required also
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placing more demand on dimensionality reduction. Alternatively segments could be organized hierarchically
and presented to a user for accurate pixel level classification, therefore only computing relevant information
when needed.
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