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Abstract

Recently, road graph extraction has garnered increasing at-
tention due to its crucial role in autonomous driving, nav-
igation, etc. However, accurately and efficiently extracting
road graphs remains a persistent challenge, primarily due
to the severe scarcity of labeled data. To address this lim-
itation, we collect a global-scale satellite road graph ex-
traction dataset, i.e. Global-Scale dataset. Specifically, the
Global-Scale dataset is ~ 20X larger than the largest ex-
isting public road extraction dataset and spans over 13,800
km? globally. Additionally, we develop a novel road graph
extraction model, i.e. SAM-Road++, which adopts a node-
guided resampling method to alleviate the mismatch issue
between training and inference in SAM-Road [17], a pio-
neering state-of-the-art road graph extraction model. Fur-
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thermore, we propose a simple yet effective “extended-line”
strategy in SAM-Road++ to mitigate the occlusion issue on
the road. Extensive experiments demonstrate the validity of
the collected Global-Scale dataset and the proposed SAM-
Road++ method, particularly highlighting its superior pre-
dictive power in unseen regions. The dataset and code are
available at hitps://github.com/earth-insights/samroadplus.

1. Introduction

In recent years, daily travel has increasingly relied on nav-
igation systems [34], particularly with the advent of au-
tonomous driving technology [23], which has greatly en-
hanced convenience in everyday life [37, 53]. These ad-
vancements demand higher accuracy and real-time perfor-
mance in extracting road graphs from satellite images [7,
44]. Existing approaches to end-to-end road graph extrac-
tion can be categorized into two main types: iterative meth-
ods [3, 49, 50] and global-based methods [2, 14, 15, 17, 48].



Iterative methods generate a road graph point by point from
the edges of an image. While effective in road graph ex-
traction, this step-by-step connection process can lead to er-
ror accumulation and significant computational burdens. In
contrast, global-based methods can directly produce a com-
plete road graph, addressing the limitations of iterative ap-
proaches. For instance, SAM-Road [17] performs global
road graph prediction in two stages: road segmentation and
relationship prediction between key points. However, these
two stages are uncoupled during training, the first stage em-
ploys a conventional road segmentation model to capture
the road mask, while the second stage uses node informa-
tion from the ground truth to train a classifier for node con-
nectivity. This leads to a mismatch during inference, as the
classifier’s inputs are based on key points selected from the
predicted road mask rather than the training data.

To tackle this mismatch issue, we propose a novel “node
sampling” strategy called node-guided resampling. Instead
of directly using labeled nodes from the ground truth during
classifier training, we resample nodes from the predicted
road mask that correspond to the coordinates with the high-
est probability near the labeled nodes. This approach allows
the classifier to leverage training experiences more effec-
tively, resulting in greater consistency between the training
and inference processes. Additionally, we recognize that
occlusion presents a significant challenge in road graph ex-
traction [51]. Since models can only extract information
from a single overhead view in satellite images, accurately
determining the connectivity of road nodes becomes diffi-
cult when occlusions (e.g., trees, shadows, etc.) obstruct
visibility [4, 10]. To tackle this challenge, we aim to provide
the classifier with more contextual information for identify-
ing occluded scenes. Our strategy is based on a straight-
forward assumption: if road lines exist on either side of
two neighboring nodes along a straight road, it is likely that
a road also connects these two nodes. Motivated by this
assumption, we introduce an “extended-line” strategy that
utilizes the extended line information between two nodes
as an additional criterion for determining road connectivity.
This enables the model to better navigate occlusion issues
in complex environments.

Beyond the algorithms, another bottleneck constrain-
ing the road graph extraction task is the limited availabil-
ity of data. The most commonly used datasets in existing
road graph extraction methods, such as City-Scale [14] and
SpaceNet [42], are constrained by either the number of im-
ages or their locations, focusing primarily on urban roads
[31]. This limited data volume and diversity lead to two
main issues: 1) unfaithful evaluations of algorithms and
2) challenges in model generalization capabilities. To ad-
dress these limitations, we collect a new road graph ex-
traction dataset, Global-Scale, which is nearly ~ 20x
larger than the largest existing public datasets in geographic
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coverage. Global-Scale encompasses all continents except
Antarctica and includes roads from urban, rural, mountain-
ous, and other complex environments. Additionally, to pro-
vide a more comprehensive benchmark for algorithm evalu-
ation, we design both in-domain and out-of-domain testing
sets within Global-Scale, aiming to account for the domain
differences present in global road networks. The out-of-
domain set consists of data from regions not included in the
training set, enhancing the robustness of our evaluations. In
summary, the main contributions of this work are threefold:

We establish a novel road graph extraction model, namely
SAM-Road++, by coupling the road segmentation and
node connectivity prediction sub-networks as a whole. In
SAM-Road++, a node-guided resampling strategy is ably
introduced to address the mismatch problem between the
training and inference phases for the first time.

To tackle the issue of road occlusion in satellite images,
we propose a novel extended-line strategy that utilizes the
correlation between resampled key nodes to facilitate the
identification and extraction of connected roads.

We curate a new benchmark dataset for road extraction,
Global-Scale, which contains the latest satellite images
and faithful road graph maps with larger data volumes,
broader coverage, and more diverse scenes, enabling a
more comprehensive evaluation of road extraction tasks
for the community.

2. Related Work
2.1. Existing Road Extraction Datasets

Existing road extraction datasets can be divided into two
categories: segmentation-labeled datasets [9, 32, 33, 55]
and graph-labeled datasets [14, 42].
Segmentation-labeled data are typical image-mask pairs.
The Massachusetts [33] dataset covers a variety of scenes
in urban and rural areas, with rich terrain and landform
features. The DeepGlobe [9] dataset provides more than
10,000 satellite images in Thailand, Indonesia, and In-
dia. However, due to the lack of vector information, these
datasets are not suitable for road graph extraction tasks.
Graph-labeled data provides vector graphs of the road
network. SpaceNet [42] dataset is first presented in the
SpaceNet Challenge. As listed in Tab. 1, it contains images
cover mainly Las Vegas, Paris, and Shanghai. However, the
coverage of SpaceNet is limited to urban roads, lacking de-
scriptions of complex terrains like farmland and mountain-
ous regions. On the other hand, the City-Scale [14] dataset
contains only 180 satellite images of 20 cities in the United
States, which still predominantly focuses on urban environ-
ments and does not adequately represent non-urban scenes,
resulting in an overall insufficient data volume. Conse-
quently, current graph-labeled datasets fall short of meet-

https://spacenet.ai/challenges/



Table 1. Summary of publicly available road extraction datasets. Grey rows indicate datasets that do not contain graph labels. U, R, and M

denote urban, rural, and mountainous areas, respectively.

Dataset Graph Label Size Train ~ Val Test? Test?? GSD Region Region Type Time
Massachusetts [33] X 1,500 1,108 14 49 X 1.0 Massachusetts U,R 2013
DeepGlobe [9] X 1,024 6,226 243 1,101 X 0.5 Thailand, Indonesia, India U,R 2013
SpaceNet [42] v 4002 2,167 X 567 X 0.3 Paris, Las Vegas, Shanghai U 2018
City-Scale [14] v 2,0482 144 9 27 X 1.0 20 city in the U.S. U 2020
Global-Scale v 2,0482 2,375 339 624 130 1.0 Global U,R,M 2024

ing modern model requirements [19, 46] for large-scale and
diverse data coverage.

2.2. Road Graph Extraction

The existing road graph extraction methods can be divided
into two categories: segmentation-based method with post-
processing and end-to-end graph-based method.
The segmentation-based method [1, 6, 11, 25, 28, 47, 55]
leverage deep learning technology [12, 22] to obtain the
segmentation mask of the road from images, and then ex-
tracts the road graph based on a series of complex post-
processing methods [8, 24, 54]. For instance, Gao et
al. [11] proposed the Multi-Feature Pyramid Network
(MFPN), which uses the Feature Pyramid Network (FPN)
[27] to capture multi-scale semantic features and weighted
balanced loss function, improving road extraction accuracy.
In contrast, Li et al. [25] developed a CNN-based [20, 26]
framework that extracts road features from small Synthetic
Aperture Radar (SAR) image patches [35], identifies candi-
date road regions and connectivity. Although segmentation-
based methods can generate road graph, their performance
in terms of topological connectivity is limited [45].
The graph-based methods are gradually emerging to get
a better graph of the road topology in an end-to-end fash-
ion. It can be further divided into iteration-based method
3, 49, 50] and global-based method [14, 15, 17]. The
iteration-based methods build the complete road structure
by predicting road nodes step by step. The early Road-
Tracer [3] model started from the initial node and gradually
built a road graph with fixed angles and step sizes. RNGDet
[49] and RNGDet++ [50] combine CNN and Transformer
[41, 43, 52] to extract features and iteratively predict ver-
tices, which significantly improves the ability to capture the
global structure of the road. However, due to point-by-point
iteration, this type of method is time-consuming, and errors
tend to accumulate as points are iterated. In contrast, the
global-based method [14, 15, 17] can directly generate a
complete road graph with significantly improved efficiency.
For example, Sat2Graph [14] trains the model through
graph coding tensors, directly predicts the graph tensor cod-
ing of roads, and generates vector graphs through post-
processing. Notably, SAM-Road [17] first extracts segmen-
tation masks, and then uses key point location information

(from segmentation masks) to directly predict global con-
nectivity. While SAM-Road reduces the post-processing
steps, its dependence on node labels during training leads
to a mismatch between the training and inference phases.

3. Global-Scale Dataset

A major challenge facing the road graph extraction task
is the lack of comprehensive datasets and benchmarks
[30, 39]. Table 1 shows the survey results of currently avail-
able road extraction datasets, revealing several key issues.
First, the existing graph-labeled datasets are small in scale
and mainly focus on urban areas. In contrast, segmentation-
labeled datasets are not only larger in scale but also cover
multiple types such as cities and farmland. Second, current
road extraction datasets are limited to the city scale, lacking
a global scale road extraction dataset. Finally, although the
training set of SpaceNet is large in scale, the size of each
image is small (400 x 400), resulting in a limited coverage
area, and roads are usually elongated and connectivity [56],
such a size may only include some shorter roads, result-
ing in limited contextual information. Although City-Scale
provides a larger image size (2,048 x 2,048), which solves
the coverage problem, it has a small number of images, es-
pecially the test set has only 27 images, which makes the
model evaluation susceptible to significant impact from the
performance of a single image.

Our Global-Scale dataset is a comprehensive road graph
resource covering all continents except Antarctica, designed
to address the gaps in existing graph-labeled datasets. Fig-
ure | illustrates the collection methodology of the Global-
Scale dataset. Specifically, we manually selected the longi-
tude and latitude of various types of roads, including urban,
rural, and mountainous, using Google Earth [29, 36]. We
then gathered satellite images from the Google Static Map
API [40] based on the selected latitude and longitude in-
formation, as well as from the commonly used open-source
OpenStreetMap [13] database to obtain corresponding road
graph data as ground truth. Each image has a spatial resolu-
tion of 1m/pixel, following the standards set by [14]. How-
ever, the annotation completeness of OpenStreetMap can be
affected by variations in population size and economic dis-
parities across regions [16]. To ensure the annotation com-
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Figure 2. Overview of our proposed SAM-Road++. The red line indicates fraining only and the blue line indicates inference only. The
satellite image is fed into SAM [21] Encoder and Decoder to get the feature map and road mask. During training, the proposed node-guided
resampling uses the ground truth and road mask to get the re-sampled nodes. In the inference stage, the nodes are obtained using only road
masks through Non-Maximum Suppression (NMS). Finally, the connectivity classifier determines whether a road exists between nodes
based on the node features and the extended line between the nodes. Both loss functions L,ask and Liopo are binary cross-entropy loss,
where Lqs and Liopo are used to supervise the road segmentation and the topological connectivity of the road, respectively.

pleteness of the Global-Scale dataset, we conducted a sec- and F is the set of road lines (i.e. edges). The training phase
ond screening of the annotations after the initial data collec- of SAM-Road consists of two stages. In the first stage, an
tion to confirm the integrity of our road graph labels. RGB satellite image is fed into the SAM encoder to ex-
Finally, the Global-Scale dataset contains 3,468 satellite tract image feature embeddings. The decoder then predicts
images, each with a size of 2048 x 2048, providing exten- per-pixel probabilities for the existence of road lines and
sive spatial coverage and a variety of road types. The dataset nodes in the form of masks. In the second stage, SAM-Road
is divided into training (2,375 images), validation (339 im- randomly samples nodes (position information) and corre-
ages), and test sets (624 images). Notably, to evaluate the sponding edges (road information) from the ground truth.
model’s inference capability in unseen cities, we addition- Using these node pairs, SAM-Road employs the image em-
ally collected 130 images from Hong Kong, Shenzhen, and beddings of the node pairs obtained in the previous stage as
Lucerne, which are not included in the training set, serving input to train a road classifier to get the probability of a road
as an out-of-domain test set. This design ensures the gener- existing between two nodes.
alization ability of the model in different geographical envi- During the inference phase, ground truth is not available,
ronments can be evaluated. In summary, the Global-Scale therefore, SAM-Road selects road nodes from the masks
dataset not only provides abundant training resources but predicted in the first stage as inputs for the classifier of the
also establishes a robust benchmark for future road graph second stage. As for the selection of nodes, SAM-Road em-
extraction research, allowing researchers to more compre- ploys a Non-Maximum Suppression (NMS) strategy [17],
hensively evaluate and compare the performance of differ- which prioritizes nodes with higher prediction probabilities
ent road graph extraction models. while filtering out surrounding nodes.

However, a significant issue arises from the fact that the
4. Methodology classifier trained on ground truth nodes does not perform
effectively on the nodes obtained from segmentation masks

4.1. Preliminar . . S .
y during the inference process, which indicates a mismatch

SAM-Road [17] is currently the latest global-based end-to- between training and inference. Consequently, ensuring
end road graph extraction method and the first to bring the that the classifier exhibits consistent behavior during both
foundation model [18, 38] into the field of road graph ex- training and inference is critical for road graph extraction.
traction. Assume that the road graph is G = (V, E), where To address this challenge, we propose a novel “node sam-

V' is the set of road nodes of the road graph (i.e. vertices) pling” strategy.
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Figure 3. Illustrating the process of node-guided resampling. The
sampled nodes are obtained by sampling from the ground truth,
and R represents the maximum distance threshold between the
source node and target node during the sampling process. Then
for each target node, our node-guided resampling strategy will find
the maximum probability point of the mask around the target node
and save it as the new target node. r represents the maximum dis-
tance threshold between the target node and new target node.

Figure 4. Illustration of occlusion challenge in road nodes connec-
tivity from satellite images. (a) is the raw satellite image, (b) is the
prediction of SAM-Road [17], and (c) is the prediction with the
“extended-line” strategy.

4.2. Node-guided resampling

Our goal is to align the nodes provided to the classifier
during training more closely with those used in inference.
However, if we directly adopt the inference process for node
selection—specifically using the NMS strategy—the con-
nectivity information necessary to supervise the learning of
the classifier becomes unavailable. To address this issue, we
propose a compromise strategy called node-guided resam-
pling, as illustrated in Figure 3.

First, we sample N nodes (referred to as source nodes)
from the ground truth through a node generator. For each
source node, we then identify and save all target nodes
within a distance R, along with the connectivity informa-
tion between these target nodes and the source node. This
process yields the sampled nodes (both source and target).
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Additionally, to ensure diversity among the sampled nodes,
we leverage the inherent degree attributes of the graph for
source node selection, specifically favoring nodes with rarer
degree attributes, which are easier to sample.

For the sampled nodes, to align more closely with the in-
ference process, we leave the source nodes unchanged and
use a radius of 7 to select a new target node with the high-
est probability, centered around each source node. We then
save the coordinate information of this new target node in
place of the old one. This results in the creation of re-
sampled nodes. The re-sampled nodes not only retain the
source nodes of the ground truth and the connectivity be-
tween the nodes, but the position information of the new
target nodes also matches the node selection strategy in the
inference. At the same time, by using the maximum prob-
ability of the predicted road mask to pick the new target
nodes, it takes full advantage of the experience gained in
the previous stage. This strategy compensates for the short-
comings in the training process and effectively improves the
consistency of the model during training and inference.

4.3. “Extended-line” strategy

Both in the inference and training process, once the loca-
tions of the nodes are determined, the road classifier needs
to make road prediction between the source node and target
node. However, since the model can only extract informa-
tion from a single overhead view in satellite images, the
determination of connectivity between road nodes is sus-
ceptible to occlusion, as shown in Figure 4. To tackle this
issue, we propose the “extended-line” strategy.

For a pair of re-sampled nodes required for connectivity
discrimination, we use their coordinates in the image to ex-
tract their node-centered patch in feature map obtained from
SAM-Encoder, called source and target features. Consider-
ing the extensibility of the road and the influence of factors
such as tree shadows on road judgment, we believe that the
information between the two nodes and the information on
their extensions can also effectively assist the model in pre-
dicting the existence of the road. Therefore, we uniformly
sampled the mask values at both ends of the respective ex-
tensions n times by using the road masks previously gener-
ated by the model. In addition, we also uniformly sample
m times on the line between these two nodes.

4.4. Inference

In the inference process, we input the satellite images into
the SAM encoder and decoder and obtain the predicted seg-
ment masks, including road mask and key point mask. First,
we use NMS to deal with the road mask in three steps: 1)
we set all pixel values in the mask less than the threshold
t1 to 0, and 2) find the coordinates (z;, y;) of the largest
probability in the mask and save it to the set V7, then set all
pixel values around (z;, y;) within the threshold radius



Table 2. Comparison of SAM-Road++ with other methods on currently publicly available datasets, The best results are highlighted in bold
font, and the second result is underlined. * denotes pre-training on the Global-Scale dataset. For all the metrics, larger values indicate

better performance.

City-Scale SpaceNet

F1 Precision Recall APLS F1 Precision Recall APLS
Sat2Graph [14] | 76.26 80.70 72.28 63.14 | 80.97 85.93 76.55 64.43
RNGDet [49] 76.87 85.97 69.87 65.75 | 81.13 90.91 73.25 65.61
RNGDet++ [50] | 78.44 85.65 72.58 67.76 | 82.51 91.34 7524 67.73
SAM-Road [17] | 77.23 90.47 67.69 68.37 | 80.52 93.03 70.97 71.64
Ours 80.01 88.39 73.39 68.34 | 81.57 93.68 7223  73.44
Ours* 80.66 89.08 74.07 69.55 | 82.07 93.97 72.84 74.35

to 0. Next, 3) repeat the second step until all the non-zero
pixel points have been traversed. For the key point mask,
we use the threshold /5 and the threshold radius 5 to repeat
the above three steps to obtain the set V5. Finally, we merge
the obtained location sets V; and V5 together to obtain the
final road nodes information, which can be used for the sub-
sequent connectivity prediction. It is worth mentioning that
the use of thresholds [, [ and radius r;, r2 ensures that
we get the node with the largest probability within a cer-
tain range, which also corresponds well to the node-guided
resampling that we adopt in the training phase.

In the connectivity discrimination stage, each node is
considered as a source node, and the nodes in its surround-
ing range as target nodes. For each pair of source and tar-
get nodes, we use the “extended-line” strategy to extract
information input to the connectivity classifier to predict
the probability of whether a road exists between the pair
of nodes. Since each node will be a source node and the
same roads may be predicted multiple times, we average all
the obtained road scores to get the final road graph.

5. Experiments
5.1. Datasets

In this paper, we provide a comprehensive evaluation of
three datasets, City-Scale [14], SpaceNet [42] and our
Global-Scale. Table | shows the basic information of these
three datasets, which includes important details such as
dataset size and spatial resolution. Additionally, to ensure
the fairness of experiments, for SpaceNet, we refer to the
pre-processing method of previous works [14, 17]. Specif-
ically, we adjust the spatial resolution of satellite images in
the SpaceNet dataset to 1m/pixel.

5.2. Metrics

To evaluate the performance of models, we use two metrics:
TOPO [5] and Average Path Length Similarity (APLS) [42].
The TOPO compares the similarity of reachable subgraphs
of the same vertices in the predicted graph and ground truth
in terms of precision, recall and F1. The APLS metric, on
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the other hand, focuses on the accuracy of the shortest path
between two locations in the road graph. This metric is very
sensitive to path quality and is well suited to assessing the
accuracy of road connectivity.

5.3. Implementation

For both the City-Scale and Global-Scale datasets, we ex-
tracted 512 x 512 pixel image patches from the satellite
images with the batch size set to 16, and set the number
of sampled source nodes N for each patch to 512. For
SpaceNet, the patch size is set to 256 x 256, the batch size
to 64, and the number of source nodes N per patch is set to
128. In the sampling phase, R is set to 16 pixels, and set
to 8 pixels in the sampling phase for all datasets. In the im-
plementation of “extended-line”, since the resolution of all
the datasets is 1m/pixel, we set the length on the ends of the
respective extended lines to 8 pixels and then set the width
of the line to 3 pixels to simulate a road, as well as setting
the number of samples n to 15 and m to 20. In the inference
phase, we set radius r; to 16 and radius 75 to 8. The binary
classification thresholds 1, t, and ¢3 are the thresholds that
yield the highest F score on the validation set.

We use the Adam optimizer with a basic learning rate
of 0.001. For SpaceNet and City-Scale datasets, we train
SAM-Road++ until the validation metrics stabilize, follow-
ing [17]. For Global-Scale, SAM-Road++ is trained for 150
epochs. All experiments are conducted on one 4090 GPU.

5.4. Comparative Results

We evaluate the SAM-Road++ model on the City-Scale and
SpaceNet datasets and quantitatively compared it with other
methods, as shown in Table 2. We compare four typical
methods, including two iteration-based methods (RNGDet,
RNGDet++) and two global-based methods (Sat2Graph,
SAM-Road). The experimental results show that our
method outperforms existing SOTA methods in F1 metrics
for City-Scale and SpaceNet datasets, demonstrating the ad-
vantages in overall topology extraction. However, on the
City-Scale dataset, although our recall is higher than other
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Figure 5. The visualized road network graph predictions of SAM-Road++ and two baseline methods. Better zoom-in and view in color.
Overall, the prediction accuracy of SAM-Road++ is higher. In the crossroads regions (a and b), SAM-Road++ successfully predicted the
complexity of multiple roundabouts and overpasses, and in predicting the tree-shaded region ¢, SAM-Road++’s prediction result is also

more complete compared to the other two baselines.

Table 3. Comparison with different methods on global-scale. Our method significantly outperforms the other methods on the APLS metrics
on both in-domain and out-of-domain test sets, and although we do not achieve sota on the precision metric, it performs far better on the
more comprehensive F1 metric on both in-domain and out-of-domain test sets.

Global-Scale (In-Domain) Global-Scale (Out-of-Domain)

F1 Precision Recall APLS F1 Precision Recall APLS
SegFormer [47] | 42.49 78.23 29.17 24.65 | 37.27 7291 25.03 21.36
Sat2Graph [14] | 35.53 90.15 22.13  26.77 | 30.64 84.73 19.75 22.49
RNGDet [49] 52.59 79.89 40.72 4943 | 42.62 68.79 32.60 36.33
RNGDet++ [50] | 55.04 79.02 4523 5272 | 47.34 70.22 35.71 38.08
SAM-Road [17] | 59.80 91.93 45.64 59.08 | 46.64 84.54 33.81 40.51
Ours 62.33 88.95 49.27 62.19 | 48.34 82.21 36.04 43.17

methods, the precision is slightly lower than SAM-Road.
This is mainly due to the fact that in the inference, a series of
node pairs obtained through NMS do not exactly match the
ground truth. The node-guided resampling strategy makes
the node pairs used in the training phase closer to the in-
ference. As a result, our model is able to identify roads
between the node pairs that may deviate from the ground
truth, albeit with reduced score.

For the APLS metrics, the performance on the SpaceNet

is better than other methods, which indicates that our pro-
posed “extended-line” strategy helps the model to infer road
lengths closer to the ground truth. Meanwhile, the APLS of
our method on the City-Scale dataset is comparable to that
of SAM-Road. We note that the City-Scale test set con-
tains so few images (only 27 images) that the per-image
prediction has a significant impact on the final APLS met-
ric, which results in the APLS metric being unreliable.
In addition, to further validate the usefulness of our pro-

1533



RNGDet++ Ours

Ground-truth

SAM-Road

Figure 6. Visualisation of the different methods on the out-of-
domain test set. In the rural road region with farmland as context
((a) and (b)), our method successfully avoids road disconnection.
In the road region (c) with the shadow of a tall building, our pro-
posed “extended-line” strategy accurately predicts the connectiv-
ity of the shaded portions.

posed Global-Scale dataset, we pre-trained SAM-Road++
on Global-Scale and fine-tuned it on the City-Scale and
SpaceNet datasets. The results show that the introduction of
the Global-Scale dataset improves the model’s performance
in terms of APLS and TOPO metrics on both datasets.

5.5. Benchmarking on Global-Scale

Figure 5 and Figure 6 show the qualitative results of SAM-
Road++ on the in-domain and out-of-domain test sets of the
global-scale dataset, respectively. As can be seen from the
circled areas in regions (a) and (b) in Figure 5, when fac-
ing complex intersections such as overpasses and multiple
roundabouts intersections, the key nodes predicted by the
models are not very accurately localized on the road, but
owing to the node-guided resampling strategy used in the
training phase, SAM-Road++ is able to accurately deter-
mine the connectivity of road nodes in this complex scene
during the inference phase. The areas circled in Figure 5(c)
and Figure 6(c) are obscured by the shadows of buildings
and vegetation on the side of the road, which is an inher-
ent challenge to the road graph extraction task. Previous
methods cannot discriminate under such conditions, and the
“extended line” strategy in SAM-Road++ effectively avoids
road breaks based on the extended properties of the road.
For further comparison, we trained the six models men-
tioned in the previous section on the Global-Scale dataset,
which contains more comprehensive data, and validated
them on both the in-domain test set and out-of-domain
test set and the results are shown in Table 3. On the in-
domain test set, our method significantly outperforms pre-
vious methods in both APLS and TOPO metrics, which
indicates that our method outperforms other methods in a
wide range of scenarios. Although the overall performance
on the out-of-domain test set is lower than that on the in-
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Table 4. Ablation results for “extended line” strategy and node-
guided resampling on the SpaceNet dataset.

“extended-line”  node-guided resampling | APLS ~ FI
X X 71.64 80.52
X v 71.90 81.77
v X 73.22  80.89
v v 73.44  81.57

domain test set, our method still significantly outperforms
the other methods, suggesting that our method is more ro-
bust to unseen regional data than the other methods, and
is more suitable for real-world applications. Besides, the
methods [14, 47] perform poorly on the dataset, probably
because their single post-processing way leads to a poor
generalization on Global-Scale with different road types.

Finally, by comparing the results in Table 2 and Ta-
ble 3, it can be seen that all five models do not perform
as well on Global-Scale as they did on City-Scale and
SpaceNet, which further demonstrates that Global-Scale is
a more challenging dataset to better evaluate the generaliza-
tion ability of models in complex scenarios.

5.6. Ablation Studies

In this section, we conduct ablation studies to verify the ra-
tionality of the design of SAM-Road++, including the node-
guided resampling and “extended-line” strategy, as shown
in Table 4. First, we completely remove the node-guided
resampling strategy from the training and observe a signifi-
cant decrease in the model’s performance on the F1 metric.
This suggests that the node-guided resampling indeed simu-
lates the inference process in training, enabling the model to
predict better topologies. Next, we eliminate the “extended-
line” strategy and find that the APLS decreases, suggesting
that our strategy effectively helps the model predict road
lengths that are closer to the ground truth.

6. Conclusion

In this paper, we present a large-scale dataset, Global-Scale,
and a novel method, SAM-Road++, for road graph extrac-
tion. The Global-Scale encompasses six continents and
has been meticulously curated to include a diverse array of
scenes, such as urban and rural areas. SAM-Road++ effec-
tively addresses the mismatch between training and infer-
ence in global-based methods while mitigating the occlu-
sion challenges inherent in road graph extraction tasks. Ex-
tensive experiments demonstrate that Global-Scale serves
as a more comprehensive and challenging benchmark. In
addition, SAM-Road++ achieves superior performance on
both existing public datasets and Global-Scale, without in-
curring significant inference costs. Looking ahead, we plan
to further expand the Global-Scale dataset and endeavor to
innovate the paradigm of the road extraction task.
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