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Abstract

Urban scene understanding requires both global geographic context and local structural detail. Earth Observation (EO) imagery
supports large-scale land-cover and land-use (LCLU) mapping, but in urban areas it often merges heterogeneous surfaces into broad
built-up classes. Vehicle-based sensors such as LiDAR and cameras recover these local structures, but their maps can drift and
often remain in a local coordinate frame. We present urban graph, which combines overhead EO priors, vehicle observations,
and fixed roadside anchors in a hierarchical semantic scene graph. Coarse georeferenced regions from EO data are updated with
local observations, while a factor graph jointly optimises SLAM constraints and global geodetic constraints. The resulting graph
is projected back to the overhead layer to separate coarse urban classes into finer semantic components. Experiments in CARLA
show improved global alignment, reduced drift, and more detailed projection of local semantics into EO space.

1. Introduction

Earth Observation satellites provide consistent observations for
land-cover and land-use mapping at regional and global scales.
Their synoptic coverage makes them indispensable for urban
monitoring, environmental assessment, hydrological model-
ling, and long-term change analysis. This advantage weak-
ens in complex cities, where coarse EO classes still aggregate
multiple materials and functions within the same pixel. Roads,
roofs, paved open spaces, bare ground, and tree canopy are fre-
quently merged into one built-up class. That aggregation re-
duces semantic specificity and weakens downstream interpreta-
tion in studies of urban ecology, runoff generation, thermal en-
vironment, and green infrastructure. The validation problem is
equally severe. Many medium-resolution and even part of the
high-resolution LCLU products still rely on sparse reference
samples, manual interpretation, or small local surveys. These
protocols provide only partial coverage and limited temporal
continuity. Urban environments intensify the problem because
built-up pixels are internally mixed and structurally complex.
A single correctness label often conceals substantial variation
in material composition, vegetation cover, and human-made
structure. This mismatch between coarse EO labels and fine
urban reality constrains both product assessment and algorithm
development. Local sensing offers complementary informa-
tion. Vehicle-mounted LiDAR, cameras, and inertial sensors re-
cover urban scenes at much finer spatial detail. Modern SLAM
pipelines reconstruct trajectories, local geometry, semantic sur-
faces, and object instances in dense and structured form. Scene-
graph-based methods further encode topology, containment,
and spatial relations among roads, facades, trees, poles, and
other urban entities. These outputs contain exactly the inform-
ation that coarse EO classes fail to preserve. Figure 1 illustrates
∗ Corresponding author.

this type of semantic scene-graph representation in the simu-
lator.

Figure 1. Example semantic scene graph produced by urban
graph in the simulator.

The difficulty lies in scale and georeferencing. Local maps ac-
cumulate drift over long trajectories and often remain tied to an
internal coordinate frame. Even when local accuracy is high,
the resulting maps may not align well with global geographic
reference systems. This prevents direct use of local maps as re-
liable validation layers for EO products. A stable mechanism
is therefore needed to link local detail to a global frame and to
coarse overhead semantics.

To tackle this problem, we use urban graph, a graph-based fu-
sion method. It combines three data sources: overhead EO pri-
ors, local vehicle observations, and fixed roadside anchors with
known global positions. The central representation is a hier-
archical semantic scene graph. EO data provides coarse geore-
ferenced regions. Vehicle observations add local geometry, ob-
jects, and semantic evidence. Roadside infrastructure anchors
the local map to the global reference system. A backend factor
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graph then optimises these components jointly and outputs a
globally aligned semantic graph.

The method serves two linked objectives. For local autonom-
ous systems, it produces a semantic map in a stable global
frame with less drift. For remote sensing analysis, it provides a
reference layer that reveals the internal composition of coarse
urban classes. A built-up region can therefore be described
with finer semantic components, including asphalt, concrete,
facades, roofs, and tree canopy. The main contributions of this
paper are summarised as follows:

1. A graph-based method that combines EO priors, SLAM-
derived observations, and roadside anchors in a hierarch-
ical semantic scene graph.

2. A geospatial alignment strategy based on a backend factor
graph that reduces local drift and preserves spatial rela-
tions between local observations and overhead regions.

3. A projection procedure that maps the optimised graph
back into EO space for urban class decomposition, eval-
uated in CARLA.

2. Related Work

2.1 EO-Based Urban LCLU Mapping and Validation

Large-scale LCLU products remain central to urban environ-
mental analysis (Brown et al., 2022). Urban categories, how-
ever, are still difficult to classify and validate. Recent learning-
based methods, including approaches built on foundation mod-
els, have improved medium-resolution EO mapping (Cong et
al., 2022). Auxiliary data integration has also improved land-
cover classification in heterogeneous landscapes (Shandu et al.,
2025). Even so, many high-resolution products still preserve
only a limited set of urban surface classes (Li et al., 2025).
The built-up label often merges roads, roofs, industrial surfaces,
residential paving, and fragmented vegetation into one class.
This coarse representation makes complex urban morphology
harder to interpret (Milovanović et al., 2024). It also limits
downstream geospatial analysis, including green-infrastructure
thermal studies (Shu et al., 2025) and urban microclimate ana-
lysis (Jamal et al., 2025).

Validation strategies are grounded in rigorous sampling the-
ory (Olofsson et al., 2014), yet city-scale reference generation
still depends heavily on manual work. This creates a major
operational bottleneck, and recent global validation protocols
report the same limitation (Tyukavina et al., 2025). Sparse
point samples and manually labelled patches remain common,
but they are poorly matched to rapidly changing urban envir-
onments. They also do not resolve the mixed-pixel problem
(Shandu et al., 2025). A built-up pixel may be judged correct
during validation while still hiding substantial variation in its in-
ternal structure. Recent studies therefore call for large-scale se-
mantic reference data with finer urban detail (Lesiv et al., 2025).
Our urban graph method addresses this need by generating geo-
graphically anchored local evidence that helps interpret coarse
overhead classes.

2.2 SLAM, Semantic Mapping, and Scene Graphs

LiDAR-based SLAM systems have become standard tools for
high-resolution urban reconstruction (Shan et al., 2020). More
recently, the field has been moving from closed-set categor-
ical mapping toward open-world semantic scene understanding

(Miao et al., 2025). This shift has been supported by foundation
models and by richer scene representations such as 3D Gaussian
Splatting (Keetha et al., 2024). Dense representations preserve
geometric detail, but higher-level spatial reasoning still requires
structured abstractions.

Scene graphs provide this abstraction by storing semantic entit-
ies and their spatial relations explicitly. Early work introduced
hierarchical scene-graph representations (Armeni et al., 2019).
Later work extended this idea to dynamic scene graphs (Rosinol
et al., 2020). Recent methods combine language-guided mod-
els with 3D scene graphs to support open-vocabulary mapping,
where categories are not limited to a fixed label set (Zemskova
and Yudin, 2025). Related work has also explored hierarch-
ical open-vocabulary scene graphs for language-grounded robot
navigation (Werby et al., 2024). These representations capture
multi-scale relations, such as how roads contain lanes or how
vegetation regions decompose into tree instances (Zhang et al.,
2025). Most of these pipelines remain centered on the robot
and are mainly evaluated on indoor benchmarks (Günther et al.,
2026). Global georeferencing is often treated as a secondary
issue. Urban graph uses the scene graph as the main fusion rep-
resentation and treats geospatial consistency as a core require-
ment for EO mapping.

2.3 Global-Local Fusion and Geospatial Anchoring

Global-local fusion has long been used to stabilise local vehicle
trajectories. Cross-view geo-localisation has evolved from im-
age retrieval to bird’s-eye-view matching methods (Ye et al.,
2024). Geometric disentanglement has further improved cross-
view geolocalization (Zhang et al., 2024). Recent work has also
explored resource-efficient drone geo-localization (Sun et al.,
2025). In road environments, persistent roadside infrastructure
and refined HD map elements provide practical anchor sources
for global referencing (Guo et al., 2025). Recent work there-
fore uses landmarks such as poles and traffic lights for accurate
autonomous-vehicle localisation (Dong et al., 2023).

The use of geospatial constraints to refine urban LCLU products
remains limited. Existing cross-view and map-fusion studies
usually focus on localisation accuracy or multimodal fusion for
vehicle navigation. Urban graph extends this line of work to
remote-sensing analysis. In our setting, global alignment re-
gisters the vehicle trajectory and supports projection of local
semantic detail back into overhead space. This makes it pos-
sible to decompose coarse built-up regions and evaluate them
more systematically.

3. Method

3.1 System Overview

As summarised in Figure 2, urban graph decomposes coarse EO
pixels using a graph representation that spans multiple spatial
scales. The system is defined as a five-tier hierarchical semantic
scene graph

G = (V, E), (1)

where the vertices represent five physical and semantic layers
of the urban environment, and the edges represent both within-
layer topology and between-layer associations.

The system processes an EO prior map, LiDAR point clouds,
RGB images, and IMU measurements. These observations
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Figure 2. Overview of the urban graph pipeline.

update the graph incrementally. Static local observations are
grouped into landmark nodes, and RSU landmarks with known
global positions provide the absolute reference used to align the
local graph with the EO layer. Dynamic objects are filtered be-
fore backend optimisation. The remaining static graph is jointly
optimised and then projected back into the global frame for
LCLU decomposition.

3.2 Five-Tier Semantic Scene Graph

The graph has five layers. At the coarsest scale, the Global EO
Layer (Veo) provides the geographic reference frame. It initial-
ises coarse semantic priors from degraded satellite imagery. A
macro-node is defined as

veo = {geo,peo} ∈ Veo, (2)

where geo represents the 2D global polygon footprint and peo is
the categorical prior distribution associated with a coarse built-
up region.

The next layer is the Global Topology Layer (Vtopo), derived
from high-resolution EO or OpenStreetMap data. It extracts a
road topology in which nodes represent intersections and edges
represent road segments. It also partitions continuous point-
cloud observations into geographic chunks, which keeps city-
scale updates manageable.

The Semantic Landmark Layer (Vlmk) links the global and
local frames. It stores stable 3D entities extracted from local
perception, such as facades, traffic lights, and utility poles. A
landmark node is parameterised as

vlmk = {blmk, llmk,Σlmk} ∈ Vlmk, (3)

where blmk denotes the 3D bounding box, llmk is the semantic
class label, and Σlmk captures pose uncertainty. Roadside
Units (RSUs) appear in this layer as anchors that tie the local
frame to the global coordinate system. These RSU-constrained
landmarks provide the connection used to align local observa-
tions with EO polygons.

Moving entities are stored separately in the Dynamic Object
Layer (Vdyn). A dynamic node is written as

vdyn = {xt,vt} ∈ Vdyn, (4)

where xt and vt describe the position and motion state of a
moving object. This separation removes transient objects be-
fore backend optimisation.

The finest layer is the Point Cloud Layer (Vpts), which stores
dense geometry captured by the vehicle. A micro-node is
defined as

vpts = {ppts,fpts,ypts} ∈ Vpts, (5)

Here ppts is the 3D coordinate, and fpts denotes local geomet-
ric features such as surface normals. The term ypts is the local
semantic probability vector. Guided by topology chunks from
Vtopo, this layer preserves local detail while feeding semantic
refinements back to the EO layer.

3.3 Cross-Scale Graph Construction

The construction of G combines top-down management with
bottom-up extraction. First, the global topology layer defines
the spatial chunking structure. As the vehicle traverses the en-
vironment, the perception frontend identifies moving targets
through bounding-box detection and assigns them to Vdyn.
These targets are removed from the backend graph, while the
remaining static geometry populates Vpts. Structural clustering
then groups dense points into semantic landmarks in Vlmk.

Using the landmark layer as the bridge between local and global
frames, the system creates weighted associations between local
static nodes and global EO polygons. For a local node i and a
global polygon j, the association score is computed as

sij = α IoU(gproji , gj) + β y⊤
i pj , (6)

Here gproji is the projected 2D footprint of the local node, and
gj is the candidate EO polygon. The vector yi stores the se-
mantic probabilities of the local observation.
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The scores are then converted into normalised association
weights with a softmax:

aij =
exp(sij)∑
k exp(sik)

. (7)

This weighting models boundary uncertainty before geometric
convergence and keeps multiple overhead candidates active dur-
ing optimisation.

3.4 Joint Backend Factor Graph Optimisation

Graph construction accumulates local drift over long trajector-
ies. To correct this, we use a joint backend optimisation that
excludes the dynamic layer and aligns only the static layers.
The objective is formulated as

min
X,Y ,A

∑
∥rslam∥2Σs

+ λa

∑
∥rrsu∥2Σa

+ λh

∑
∥rhier∥2Σh

+ λsem

∑
∥rsem∥2Σsem

.

(8)

The state variables include vehicle poses X , local map geo-
metry Y , and association weights A. The residual rslam en-
forces LiDAR-inertial odometry and loop-closure consistency
within Vpts. The anchor residual rrsu binds RSU landmarks to
the absolute geographic frame. The hierarchical residual rhier

penalises geometric disagreement between local instances and
their associated EO polygons, weighted by aij . The semantic
residual rsem encourages semantic smoothness among adjacent
point-cloud nodes. Together, rrsu and rhier align EO and local
observations: RSUs anchor landmark geometry in the global
frame, and the corrected landmarks then support association
with EO polygons. After optimisation, local drift is reduced and
the cross-scale associations are updated using corrected geo-
metry.

4. Experiments

4.1 Experimental Setup

We evaluate urban graph in the CARLA simulator. The vehicle
is equipped with a LiDAR sensor and an IMU, producing high-
frequency local odometry. For each urban scene, we extract
a coarse EO prior to instantiate the global layer. To mimic the
semantic gap found in EO products, we intentionally merge fine
structures into broad built-up polygons.

To test the value of global anchoring, we compare our system
with LIO-SAM, a widely used LiDAR-inertial odometry frame-
work (Shan et al., 2020). Two configurations are considered:

1. Unconstrained LIO-SAM: the standard pipeline relying
only on sequential sensor measurements.

2. urban graph: a graph-based formulation that augments
the local frontend with sparse global constraints from
roadside anchors such as RSUs.

4.2 Global Localisation and Drift Suppression

The primary quantitative evaluation focuses on the translational
consistency of global localisation. We therefore report two met-
rics: Absolute Trajectory Error (ATE), reported as RMSE, and
Maximum Position Error.

Scene Method
ATE RMSE

(m)
Maximum Position

Error (m)
Town02 LIO-SAM 1.553 2.858
Town02 urban graph 1.272 2.266
Town10 LIO-SAM 1.717 4.911
Town10 urban graph 1.177 2.291

Table 1. Quantitative localisation comparison in Town02 and
Town10.

The unconstrained LIO-SAM baseline accumulates substantial
error. Without global anchors, small angular errors in LiDAR
registration and inertial integration grow into large translation
errors over time. This effect is especially visible in long, open-
ended trajectories, where the maximum position error becomes
large.

With global anchors, the graph reduces cumulative drift by in-
corporating sparse absolute position updates in the backend
optimisation. These anchors limit low-frequency trajectory
wander and stabilise the pose estimate. Table 1 shows lower
ATE RMSE and Maximum Position Error in both CARLA
towns. Figure 3(a) shows the position-error curves in Town02.
Figure 3(b) shows the corresponding curves in Town10.

4.3 Fine-Grained Semantic Re-Projection

Figures 4(a) and 4(b) show the urban graph in Town02 and
Town10, while Figures 4(c) and 4(d) show the correspond-
ing fine-grained semantic re-projections. In both towns, urban
graph projects local semantic observations back to the overhead
frame and separates regions that are coarse in the EO prior into
more specific components. Roads, vegetation, and roof-like
structures appear as distinct regions within areas that were pre-
viously represented by a single built-up label.

These results show that the projected local map remains glob-
ally aligned while adding internal structure to coarse EO
classes. The method improves localisation and also produces
a more detailed overhead representation that is easier to inter-
pret for urban LCLU analysis.

(a) Town02 position error comparison.

(b) Town10 position error comparison.

Figure 3. Position error over time for the unconstrained baseline
and urban graph in two CARLA towns.
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(a) Urban graph in Town02. (b) Urban graph in Town10.

(c) Town02 fine-grained semantic re-projection. (d) Town10 fine-grained semantic re-projection.

Figure 4. Top row: urban graph in Town02 and Town10. Bottom row: corresponding fine-grained semantic structures re-projected
from the drift-corrected local map into the overhead frame.

4.4 Experimental Analysis

Figure 3 and Table 1 provide a consistent picture of drift re-
duction. In both towns, the LIO-SAM baseline shows larger
error values and higher peaks, whereas urban graph maintains
lower error levels over time. The difference is especially clear
in Town10, where the gap in maximum position error is the
largest.

This more stable global alignment also supports the projection
results in Figure 4. If the trajectory drifts, locally observed
structures are projected into the wrong overhead regions and the
semantic map becomes inconsistent. By reducing drift, urban
graph maps roads, vegetation, and roofs back to the overhead
frame more reliably.

The urban graph views in Figure 4(a) and Figure 4(b) also
help explain the different error patterns across the two towns.
Town10 contains longer connected corridors and larger open
regions, so the unconstrained baseline accumulates drift over
a broader spatial extent. After global correction, the projected
semantics remain consistent with the surrounding road layout
and nearby urban blocks in both scenes. This indicates that the
method preserves network-level spatial organisation while re-
fining local semantic structure.

5. Conclusion

This paper presents a method that combines global EO data
with local SLAM observations through fixed roadside anchors.
The method builds a city-scale semantic scene graph that serves
two purposes. For autonomous systems, it provides a map in a
global frame with less drift. For remote sensing, it provides
a detailed reference layer that can support validation and help
interpret coarse urban classes. It can also support future EO
products by providing sub-pixel composition statistics for urban
regions.

Future work will extend the method in several directions. One
direction is to use crowd-sourced vehicle data so that the graph
can be updated more frequently. This could support LCLU
change detection when EO monitoring misses subtle changes
or responds too slowly. We also plan to expand the semantic
classes represented in the graph. This would move the method
from land-cover labelling toward broader land-use analysis us-
ing signals such as traffic flow and time of day.
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