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Abstract

We present an automatic algorithm for graph-based road network extraction from remote sensing images. While existing works
mostly focus on improving accuracy, we address the problem of the geometric quality of the output graphs. The state-of-the-art
methods largely overlook this aspect by generating graphs without strong geometric guarantees, regularity preservation and low-
complexity, which, ultimately, reduces their impact in many application scenarios. Our algorithm relies upon foundation models that
analyze road networks with pixel-based representations, as well as geometric algorithms and data structures in charge of connecting
geometric primitives into planar graphs. This hybrid strategy allows us to strongly enforce the geometric quality of the output graphs
while bringing a high level of generalization. We show the potential of our algorithm and its advantages over existing methods on
two datasets commonly-used in the field using both the conventional accuracy metrics and new metrics introduced to measure the
geometric quality of the output graphs.

1. Introduction

Automatic extraction of road networks from remote sensing im-
ages is a long-standing research problem with numerous poten-
tial applications, e.g., in traffic control, navigation and autonom-
ous driving, road network planning and smart cities. For the
large majority of these applications, road networks must be
represented with a vector format, typically under the form of
graphs where nodes corresponds to junctions, turns and dead-
ends, and edges, to portions of road between two nodes.

Recent deep learning models proposed in the field directly pro-
duce such graph-based representations. They usually rely upon
end-to-end architectures with modules in charge of predicting
the position of the nodes and connecting them to form a graph.
These methods have made significant progress to improve the
accuracy of the detected segments of roads (Lu and Weng, 2025,
Chen et al., 2022), but have largely overlooked the geometric
quality of the produced graphs. Among the main geometric
problems commonly found in their results, one can list

(a) the geometric defects contained in the graphs, e.g., the
non-guarantee of the graph planarity with typically two
crossing edges that do not intersect at a node position, or
isolated nodes or edges disconnected from the road net-
work;

(b) the complexity of the graphs where nodes are typically
sampled at a too high frequency along straight lines and
where road networks are often disconnected;

(c) the non-preservation of geometric regularities with, e.g.,
the parallelism, orthogonality or collinearity of road seg-
ments that are not respected in the graphs.

Unfortunately, the lack of geometric guarantees on the outputs
produced by these methods strongly reduced their applicability
on concrete tasks. Some methods proposed to inject geometric
priors (typically via loss functions) to attenuate this issue, but

Figure 1. Our algorithm extracts road networks as
low-complexity graphs while preserving geometric regularities

(e.g., parallelism and orthogonality) and guaranteeing key
applicability properties such as the graph planarity (right). In

contrast, a state-of-the-art method such as SAM-Road (Hetang et
al., 2024) produces an overly complex and irregular graph, prone
to geometric defects (left). Simplifying SAM-road results with
the popular Douglas-Peucker method reduces the complexity of

the graph, but increases defects and irregularity (center).

such priors are not sufficient to guarantee the geometric validity
of the graphs due to the limited nature of (i) architectures unable
to handle topological operations on graphs in an efficient and
differentiable manner, and (ii) existing training sets composed
of geometrically-inconsistent Ground Truth graphs. Correcting
these defects by post-processing (typically with heuristic-based
geometry processing) is also a delicate task which is likely to
degrade the accuracy of the graph without resolving all the de-
fects and returning guarantees.

To address this issue, we propose a method based on the
polygonal decomposition of the input images. In contrast to
end-to-end-strategies, we approach the problem with a hybrid
model that relies upon both foundation models that analyze road
networks with pixel-based representations and geometric al-
gorithms and data structures in charge of connecting geometric
primitives into planar graphs. Besides ensuring geometric guar-
antees, this hybrid strategy also offers flexibility and high level



of generalization as the learning part relies upon generic found-
ation models likely to progress in the future only, without try-
ing to learn how to assemble geometric primitives from defect-
laden Ground Truth graphs.

Our method operates in a dual way of the traditional end-to-
end strategies such as (He et al., 2020, Xu et al., 2022, Hetang
et al., 2024): instead of predicting nodes and connecting them,
we predict line-segments and extend them to form a polygonal
partition of the image domain. This prevents us from having
to analyse the topologically-complex adjacency between pre-
dicted nodes. Instead, nodes are created by extending line-
segments and the output graphs are extracted as a subset of
edges of the polygonal partition (which is guaranteed to be a
valid embedding, i.e. with no gap or overlap between polygonal
regions). This solution does not only guarantee the planarity
property of the graph (problem (a)), it allows us to address
problem (b) when the extraction of edges from the partition is
formulated as an optimization problem under constraints, and
problem (c) when predicted line-segments are detected under
geometric regularities, i.e. parallelism, orthogonality and co-
linearity.

We show the potential of our algorithm and its competitiveness
against existing methods on two datasets commonly-used in the
field on both the conventional accuracy metrics and new met-
rics introduced to measure the geometric quality of the output
graphs. In particular, we demonstrate our algorithm produces
output graphs with a higher geometric quality while approach-
ing the accuracy scores of the best existing methods.

2. Related work

Our review of related work covers the recent end-to-end ar-
chitectures for graph-based road network extraction as well as
learning models exploiting geometric priors and vectorization
techniques that simplify chains of pixels to polylines.

End-to-end architectures. End-to-end models that directly
output graph-based results are usually composed of several mod-
ules for predicting nodes and for connecting them. The key dif-
ferences between these models often originate from the connec-
tion module. The first efficient models in this direction (Chu et
al., 2019, Li et al., 2019) have exploited Recurrent Neural Net-
works with an iterative construction of the connectivity. Graph
Neural Networks (GNNs) have also been considered to select
possible edges from an exhaustive connectivity. Sat2Graph (He
et al., 2020) uses a Graph-Tensor Encoding whereas SERGE
(Bahl et al., 2022) relies upon a k-Nearest Neighbor search
to reduce the number of possible connections. More recently,
transformers have been deeply used for the node prediction, e.g.
with RNGDet++ (Xu et al., 2022), and for the analysis of the
node connectivity, e.g. with SAM-road (Hetang et al., 2024)
that exploits a lightweight transformer-based GNN in combin-
ation with SAM-based embeddings (Kirillov et al., 2023). The
latter has been improved in (Yin et al., 2025) with a larger
training and several technical ingredients as a node-guided res-
ampling and a connectivity classifier. While they offer a good
accuracy on the position of nodes and edges, these methods pro-
duce graphs with a low geometric quality.

Models with geometric priors. Several models have been
proposed to increase the geometric quality of output graphs.
Sotiris et al. (Sotiris et al., 2023) address the problem of overly

disconnected road edges with a graph completion model via re-
inforcement learning. GraphMorph (Zhang et al., 2024) relies
upon a so-called Morph module to generate a centerline mask
aligned with the predicted graph, the idea being to better ana-
lyse the node connectivity with centerlines and produce graphs
with a lower complexity and a better topology. GraphMapper
(Wang et al., 2023b) presents an end-to-end model where pre-
dicted nodes are regularized according to parallel and ortho-
gonal alignments of nodes. While interesting, these methods
only partially address the geometric quality problem of graphs.
In contrast, we propose a more complete solution to the prob-
lems (a), (b) and (c) listed in Section 1.

Vectorization techniques. Methods have also been proposed
to simplify graphs or to vectorize chains of pixels into graphs.
The popular Douglas-Peucker algorithm (Douglas and Peucker,
1973) and its variants (Agarwal et al., 2002, Song and Miao,
2016) constitute the de facto solution. While simple and nat-
ural, this iterative node reduction mechanism does not fix to-
pological issues and is likely to create crossing edges. Geo-
metry processing techniques operating on Delaunay triangula-
tions bring more geometric guarantees, but they are unable to
preserve regularities and require costly optimization procedures
based on optimal transportation (de Goes et al., 2011) or Monte
Carlo sampling (Favreau et al., 2020). Note that Vector Graph-
ics techniques (Tian and Günther, 2024) are closely related to
this simplification problem as pixel-based object contours of-
ten need to be approximated by polylines. Recently, efficient
differentiable rasterizers such as DiffVG (Li et al., 2020) have
been proposed, without offering specific geometric guarantees.

3. Algorithm

Overview. The algorithm takes an aerial or satellite image
as input, and outputs a planar graph whose edges align with
road portions in the input image. The graph is guaranteed to be
planar by construction, i.e. without crossing edges.

Figure 2 illustrates the different steps of our algorithm. It starts
by computing a road probability map of the road network at
the pixel level, typically by using a recent foundation model
proposed in the field. We then extract the centerlines of high
probabilities by skeletonization, and fit line-segments to it. The
detected line-segments are then extended to form a polygonal
partition of the image domain. The final step then consists in
extracting a planar graph from the edges of the partition using
a global optimization under geometric constraints. We present
next these different steps in detail.

Road probability map. The road probability map is com-
puted through a state-of-the-art image encoder in the field. We
use in our experiments the same SAM-based embedding as the
one proposed in SAM-Road (Hetang et al., 2024). The latter
directly provides a probability map corresponding to the exist-
ence of roads. Note that it also provides the probability map
of the existence of intersection points, but we do not use this
prediction which is not required for our line-segment extension
strategy.

Centerline extraction. Directly fitting line-segments to the
road probability map leads to imprecise results due to the het-
erogeneous thickness of road parts and the noise located near
complex road junctions. Inspired by GraphMorph (Zhang et
al., 2024), we address this imprecision issue by extracting a
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Figure 2. Overview of our vectorization algorithm. Starting from an input image, we compute a road probability map using a
foundation model, extract its centerlines and fit line-segments to it. We then construct a polygonal partition by extending the detected
line-segments and select the edges to be part of the output graph by global optimization (grey disk). Close-ups show results in various

local configurations, i.e., curved roads, a multi-road highway and grid-based road layouts.

one-pixel-thickness skeleton from the probability map, as illus-
trated in Figure 3. This representation by centerlines allows
us to solve topological ambiguities at complex junctions and to
more accurately fit line-segments. In practice, we use the skel-
etonization method proposed in (Menten et al., 2023) from a
binarized version of the probability map by Otsu method (Otsu,
1979).

Figure 3. Centerline extraction. The centerlines (right, thin red
lines on white pixels) are extracted as the one-pixel-thickness
skeleton from the probability map. Note that centerlines are

often wavy at some locations: this pixel-level noise is typically
absorbed by the line-segment detector.

Line-segment detection. Popular line-segment detectors such
as DeepLSD (Pautrat et al., 2023) or ScaleLSD (Ke et al., 2025)
are mostly designed to fit line-segments on line-like structures
and are not adapted to our strategy where line-segments must
also capture curved roads. We then use the more generic LineFit
detector (Boyer et al., 2024) which offers two interesting prop-
erties. First, this algorithm has the particularity to approach the
detection problem with a point-to-line fitting formulation cap-
able to also approximate curves with sequences of line-segments.
Second, the algorithm detects line-segments while preserving
three key geometric regularities in our context, i.e., parallelism,
orthogonality and co-linearity. This allow the alignment of the
road portions to better recover grid-based road networks. In
our experiments, we considered the centerline map as the input

image gradient of this method and set the fitting tolerance para-
meter to two pixels and the minimal line-segment size to ten
pixels.

Polygonal decomposition. The line-segments are then exten-
ded at constant speed within a kinetic simulation framework
until they collide and form a polygonal decomposition of the
image domain. We use the method proposed in (Bauchet and
Lafarge, 2018) to produce a geometrically-valid polygonal de-
composition, i.e., with guarantee that there is no overlap or gap
in between the polygonal regions. In our experiments, only one
collision per line-segment are allowed, leading to the construc-
tion of the polygonal decomposition as a motorcycle graph.
Nodes corresponding to road junctions and turns are thus not
predicted as in existing methods, but computed by intersect-
ing line-segments. This strategy by extension of line-segments
is particularly interesting in presence of highly occluded roads
and atypical junctions unseen in training sets.

This polygonal partition however suffers from two drawbacks:
(i) three or more line-segments that should meet at a junction
are unlikely to intersect exactly at the same point, and (ii) dead-
ends are unlikely to be captured by nodes with this line exten-
sion strategy.

To solve problem (i), we operate a recursive merging of the
pairs of adjacent vertices if their distance is lower than 5 pixels
once the polygonal partition is built. After each merge, we up-
date the edge connectivity in the star-domain of the collapsed
edge so that the crossing of edges does not occur.

Problem (ii) is addressed by adding extra-nodes on the edges
of the partition where potential end points exist. This opera-
tion thus does not modify the topology of the polygonal par-
tition, but simply splits some existing edges. We operate by
first detecting the end points in the centerline map with a ba-
sic connectivity analysis, and then checking whether these end
points are located along an edge of the partition, excluding their



extremities. If this test is valid (i.e. under a two pixel toler-
ance distance between the end point and the edge in our ex-
periments), we project the end point to the edge and split it
according to this projected point. Note this test is often valid in
practice as line-segments are usually correctly detected in dead-
end situations.

Edge selection. The last step of our vectorization algorithm
consists in selecting the subset of edges forming the output
graph from the polygonal partition. By construction of the poly-
gonal partition, this subset is guaranteed not to contain crossing
edges. Another interesting property of the polygonal partition
is its conciseness: the number of edges is low compared to the
commonly-used exhaustive strategy where each pair of nodes
gives a possible edge to select. In our case, the edges are cre-
ated in a simple and natural manner by extending line-segments
without arbitrary heuristics and distance-based parameters.

We formulate the edge selection as a binary linear programming
(BLP) problem. We define by xi = {0, 1}, the dummy variable
that specifies whether edge i of the polygonal partition is selec-
ted (xi = 1) or non-selected (xi = 0) to be part of the output
road graph. We denote by x = (xi)i∈E , a possible output graph
where E corresponds to the set of edges in the polygonal parti-
tion. We measure the quality of a configuration by a two-term
objective function subject to two types of geometric constraints.
Our BLP problem is expressed by

max
x

[f(x) + βg(x)]

s.t. xi + xj ≤ 1 ∀(i, j) ∈ A, (c1)∑
k∈N (i)

xk ≥ xi ∀i ∈ E, (c2)

(1)

where f(x), g(x) are the two terms of the objective function and
β the parameter balancing them respectively, A corresponds
to the set of pairs of adjacent edges in the polygonal partition
whose relative angle is lower than five degrees and N (i) is the
set of adjacent edges to edge i. It corresponds to all the edges
connected to the two extremities of edge i. Then, constraint (c1)
in Equation (1) avoids very small angle configurations between
adjacent edges and constraint (c2) avoids isolated edges.

The term f(x) of the objective function aims to encourage the
selection of edges that align with high probability pixels in the
road probability map. We formulate this term with a linear ex-
pression of the form

f(x) =
∑
i∈E

li
l
[wixi + (1− wi)(1− xi)] , (2)

where li and l correspond to the length of edge i and the average
length of all the edges of the polygonal partition respectively.
The weight wi is a real value between 0 and 1 that scores how
well edge i aligns with the road probability map. In our exper-
iments, wi is computed as the ratio of high probability pixels
that overlap with the pixelized edge i.

The term g(x) acts as a (soft) geometric prior by encouraging
the connectivity between selected edges. In practice, we penal-
ize the non-selection of edges contained in the minimum span-
ning tree of the polygonal partition by

g(x) =
∑
i∈E

(1− xi)1{i∈MST}, (3)

where 1{.} is the Heaviside function and MST is the set of
edges of the minimum spanning tree. While conceptually simple,
the idea of using a minimum spanning tree has been proven to
enforce connectivity between edges quite efficiently in previous
works (Wang et al., 2023a, Ameri and Valadan Zoej, 2015).

To solve this binary linear optimization problem with linear
constraints, we use the CP-SAT solver of the OR-Tools library
(Perron and Didier, n.d.). This solver offers good performance
and good scalability in practice.

4. Experiments

We now expose our experimental setup, present comparative
results, ablations and discuss limitations of our algorithm and
its applicability to other vectorization problems. The Experi-
ments were run on Intel Core Ultra 7 165H CPU with 64 GB
RAM and a RTX 2000 Ada GPU.

Datasets and evaluation metrics. We evaluated our algorithm
on two datasets commonly-used in the field, SpaceNet (Etten et
al., 2018) and City-Scale (He et al., 2020), which exhibit a good
diversity of urban landscapes. The former is composed of 2549
images of 400 × 400 pixels, including 382 for testing, whereas
the latter has 180 images of 2048 × 2048 pixels with 29 images
for testing. For the two datasets, the ground sampling distance
is one meter, and Ground Truth is provided under the form of
dense graphs.

To measure accuracy, we used the four standard metrics: the
TOPO-Precision (P), TOPO-Recall (R), TOPO-F1 (F1) intro-
duced in (Biagioni and Eriksson, 2012) and the Average Path
Length Similarity (APLS) formalized in (Etten et al., 2018).

We also proposed five metrics to measure the geometric qual-
ity of output graphs. The Crossing Edge Ratio (CER) returns
the percentage of crossing edges in the output graph that do
not intersect at a node position. This score is zero in case of
planar graphs. Similarly, the Isolated Edges Ratio (IER) gives
the percentage of disconnected edges in the output graph. We
also introduced the Sharp Turn Ratio (STR) that measures the
percentage of very small angle (i.e., lower than five degrees)
between two adjacent edges of the output graph. To measure
the level of regularity of the output graph in terms of parallel-
ism, orthogonality and co-linearity, we use the Degree of Free-
dom (DoF) score introduced in (Boyer et al., 2024). Finally, we
measure the complexity of the output graph with its Average
Number of Nodes (ANN).

Baselines. We compared our algorithm to three graph-based
methods: Sat2Graph (He et al., 2020), RNGDet++ (Xu et al.,
2022) and SAM-road (Hetang et al., 2024). For each of them,
we used the models pre-trained on the SpaceNet and City-Scale
datasets, provided by the authors. The same training splits were
used for these methods and our model. Because these three
methods produce road graphs significantly more complex than
ours, we also proposed a variant for each method by simpli-
fying their output graphs so that the average number of nodes
becomes similar to ours. This post-processing simplification
consists in collapsing edges by the popular Douglas-Peucker
algorithm (Douglas and Peucker, 1973).

Results. Table 1 presents quantitative comparisons in terms
of accuracy, geometric quality and performance while Figures
4 and 5 show visual results on images of the two datasets.



Accuracy Geometric quality
F1 (↑) P(↑) R (↑) APLS (↑) CER (↓) DoF (↓) STR (↓) IER (↓) ANN Time

Sp
ac

eN
et

Sat2Graph 80.97 85.93 76.55 64.43 0.23 60.44 0.00 0.00 105 72min
RNGDet++ 82.51 91.34 75.24 67.73 0.81 67.17 0.13 1.66 78 142min
SAM-Road 80.52 93.03 70.97 71.64 0.03 73.71 0.00 1.21 107 39min
Sat2Graph + DP 80.10 85.91 75.03 62.03 0.47 82.14 0.21 6.45 36 72min
RNGDet++ + DP 79.22 90.02 70.74 67.50 1.22 57.99 0.23 3.23 58 142min
SAM-Road + DP 78.36 92.87 67.78 69.58 0.04 79.73 0.00 2.03 84 39min
Our method 75.98 90.01 65.73 62.12 0.00 49.62 0.00 0.00 72 44min

C
ity

Sc
al

e

Sat2Graph 80.70 72.28 76.26 63.14 0.58 41.35 0.00 0.00 4477 148min
RNGDet++ 78.91 87.10 72.29 67.37 3.26 44.00 0.29 0.05 3109 264min
SAM-Road 77.23 90.47 67.69 68.37 0.48 48.75 0.02 0.25 2847 42min
Sat2Graph + DP 76.97 81.10 73.58 63.64 1.71 51.79 0.03 0.01 1337 148min
RNGDet++ + DP 78.81 87.13 72.11 67.15 6.58 52.62 0.62 0.23 1288 264min
SAM-Road + DP 77.03 90.37 67.45 66.86 0.57 54.26 0.02 0.51 1333 42min
Our method 72.26 85.31 63.14 62.35 0.00 38.81 0.00 0.00 1183 36min

Table 1. Quantitative comparisons on SpaceNet and CityScale. Bold and underlined values indicate the best and second best scores
respectively. ”+ DP” means the output of the baseline has been simplified by a Douglas-Peucker algorithm.

Sat2Graph RNGDet++ SAM-road Our method Ground Truth

Figure 4. Qualitative results on CityScale. In contrast to the baselines, our algorithm delivers compact graphs where a straight road
section between two junctions is likely to be represented by a unique edge, and where geometric regularities are preserved. In the
closeups, note how pairs of parallel, close roads are made exactly parallel, whereas baselines are prone to geometric defects with

crossing edges and road fusions.



Sat2Graph + DP RNGDet++ + DP SAM-road + DP Our method Ground Truth

Figure 5. Qualitative results on SpaceNet. Simplifying the results of Sat2Graph, RNGDet++, and, to a lesser extent, SAM-road by a
Douglas-Peucker (DP) algorithm produces low-complexity graphs but exhibits geometric and topological inaccuracies. Our algorithm

directly returns concise graphs that are similar to the low-complexity ground truth.

Unsurprisingly, the best accuracy scores are obtained by end-
to-end models in their original version. SAM-road exhibits a
slightly better TOPO-precision and APLS scores while Sat2Graph
has a higher TOPO-recall and TOPO-F1. The simplification of
their results by Douglas-Peucker typically decreases the scores
by a few points. The accuracy scores of our algorithm are
slightly lower, typically between two to five points below those
of SAM-Road. While our accuracy scores remains good, this
drop can be explained by two factors. First, our results have a
lower level of expressiveness as graphs that do not fulfil the geo-
metric constraints cannot be retained as output solution. Second,
TOPO and APLS scores, which are the de facto metrics for
the end-to-end models in the field, give a clear advantage to
methods that position nodes very accurately with respect to the
Ground Truth. Our ”dual” strategy in which nodes are extracted
by extending line-segments is thus naturally penalized by these
scores. This is particularly true in presence of road networks
with complex junctions connecting more than three roads.

Our algorithm performs best on the geometric quality metrics
as a result of the geometric guarantees that it offers. In particu-
lar, the number of crossing edges, very sharp turns and isolated
edges are guaranteed to be zero. In contrast, other methods
do not offer such guarantees, even if Sat2Graph exhibits good
scores on the SpaceNet dataset (where road networks are smal-
ler and simpler than for the CityScale dataset). Their scores are
even degraded when their results are simplified to reach a sim-
ilar graph complexity (ANN) than our results. Our algorithm
also scores significantly better than the baselines on the degree
of freedom (DoF) metric, showing the high level of regularity
in the layout of edges. This is particularly true for urban scenes
with grid-based road networks.

Regarding performance, our processing times are similar to the

inference timing of SAM-road, the faster end-to-end baselines.
This is very promising given the fact (i) our current implement-
ation is purely sequential and does not exploit GPU computing,
and (ii) our training effort is limited to a road probability map
prediction. Our method also scales very well and does not need
tiling strategies to process large scenes.

As shown in Figure 6, our algorithm offers good robustness to
imperfect probability maps that contain holes along the roads.
Edges are typically created on such holes by our algorithm in
a natural manner, by simply extending the close line-segments
during the polygonal partition construction.

Figure 6. Robustness to imperfect probability maps. Our
algorithm offers good robustness to holes contained in

probability maps, partly due to occlusions (see red ellipses in the
probability map on the left).

Ablation. We conduct ablation experiments to evaluate the
effects of each design choice on the Cityscale dataset. The res-
ults are shown in Table 2.

(1) Fitting line-segments directly to the road probability map
reduces the processing time by half, the skeletonization for ex-
tracting the centerlines being the most costly operation of our



Accuracy Geometric quality
F1 (↑) P(↑) R (↑) APLS (↑) CER (↓) DoF (↓) STR (↓) IER (↓) ANN Time

Vanilla 72.26 85.31 63.14 62.35 0.00 38.81 0.00 0.00 1183 36min
(1) No centerline extraction 67.30 89.23 54.82 61.07 0.00 40.36 0.00 0.00 772 17min
(2) No line-segment regularization 70.01 86.73 59.27 58.53 0.00 41.81 0.00 0.00 1098 36min
(3) No node merging 71.30 83.50 62.89 57.63 0.00 25.24 0.00 0.00 1744 35min
(4) No end-point adding 69.61 81.70 61.27 58.77 0.00 26.58 0.00 0.00 1502 36min
(5) Soft constraint optimization 74.30 84.70 66.64 64.27 0.00 40.6 0.23 0.18 1206 36min
(6) β = 0 71.66 86.25 61.78 60.25 0.00 41.46 0.00 0.00 1186 36min
(7) No length weight 71.07 86.62 60.77 60.77 0.00 72.00 0.00 0.00 1146 36min
(8) No optimization 74.51 81.85 68.85 64.15 0.00 38.63 0.26 0.79 1274 35min

Table 2. Ablation study on the CityScale dataset.

algorithm. This solution however degrades the accuracy scores
as line-segments are less accurately fitted, especially when the
variation of road widths is high in the urban scenes.

(2) The deactivation of the line-segment regularization during
the fitting decreases the DoF score while having a marginal im-
pact on accuracy scores.

(3) Not merging the nearby nodes of the polygonal partition has
also a minor impact on the accuracy metrics, but gives more
complex output graphs.

(4) The deactivation of the extra-node adding makes the TOPO
metrics and APLS decrease by a few points, mostly due to the
incapacity of our algorithm to capture dead-ends. The topology
of the output graphs is also simplified, leading to an improve-
ment of the DoF score.

(5) Relaxing the hard constraints (c1) and (c2) from Equation
(1) as soft constraints in the objective function allows us to gain
a few points on the accuracy metrics, but does not guarantee the
STR and IER score to be at zero anymore.

(6) Removing the minimum spanning tree term from the ob-
jective function increases the TOPO-precision but degrades all
the other accuracy metrics without having a clear impact on the
geometric quality metrics.

(7) Not weighting the unary components of objective term f(·)
by the edge length has not a big impact on the accuracy scores,
but tends to strongly degrade the DoF score (the output graphs
are more likely to contain small, irregular edges).

(8) By selecting edges as just the argmax configuration of f(·),
we reach high accuracy scores, in particular with the best TOPO-
F1, TOPO-recall and APLS scores of our ablations. This scen-
ario however degrades the geometric quality scores. Note that,
by construction of our polygonal partition, the output graphs in
all the scenarios are guaranteed to be planar with a CER score
at zero.

Applicability to other vectorization tasks. Our algorithm
offers a good genericity potential as it departs from a simple
probability map. In particular, one can vectorize other types of
linear structures as long as a probability map can be accurately
predicted. Figure 7 shows two use cases for the vectorization of
blood vessels in retina images (Staal et al., 2004) and of river
networks in aerial images (Li et al., 2024). Note that we deac-
tivated the regularization of line-segments during detection as
parallelism and orthogonality are improbable relations for these
organic objects.

Limitations. Our algorithm has a few shortcomings. While
generic and extensible to various vectorization tasks, our frame-
work can only handle a certain range of geometric guarantees,
typically interactions that can be modeled with linear or quad-
ratic constraints if using the current solver. Our algorithm also
targets low-complexity graphs, and is not adapted to produce
denser graphs, as those returned by the existing methods in
the field. The tolerance fitting parameter of the line-segment
detector allows us to impact the complexity of the graph, but
without a direct control of the number of nodes or edges in the
output graphs.

Figure 7. Applicability to other problems. Our algorithm can be
used for other tasks, including the vectorization of organic

objects such as blood vessels in retina images (left) and river
networks in aerial images (right).

5. Conclusion

We proposed an algorithm to extract road networks in remote
sensing images under the form of low-complexity graphs. Al-
though conceptually simple, our algorithm relies upon mature
geometric bricks that allow us to improve the geometric qual-
ity of the output graphs compared to prior works. In particular,
it offers several interesting properties including (i) flexibility
and generalization potential, (ii) geometric guarantees, and (iii)
preservation of geometric regularities. We showed in our ex-
periments the algorithm produces output graphs with a higher
geometric quality while approaching the (node-based) accuracy
scores of the best methods in the field.

In future work, we will investigate the use of more generic
parametric curves than line-segments. In particular, we will
study how to reach an optimal graph-complexity with Bézier
curves. We will also investigate how to extend our approach to
non-local geometric regularities with alternative optimization
frameworks.
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