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Abstract—Road network graphs provide critical information for
autonomous-vehicle applications, such as drivable areas that can
be used for motion planning algorithms. To find road network
graphs, manually annotation is usually inefficient and labor-
intensive. Automatically detecting road network graphs could
alleviate this issue, but existing works still have some limitations.
For example, segmentation-based approaches could not ensure
satisfactory topology correctness, and graph-based approaches
could not present precise enough detection results. To provide a
solution to these problems, we propose a novel approach based
on transformer and imitation learning in this paper. In view
of that high-resolution aerial images could be easily accessed
all over the world nowadays, we make use of aerial images in
our approach. Taken as input an aerial image, our approach
iteratively generates road network graphs vertex-by-vertex. Our
approach can handle complicated intersection points with various
numbers of incident road segments. We evaluate our approach
on a publicly available dataset. The superiority of our approach
is demonstrated through the comparative experiments. Qur work
is accompanied with a demonstration video which is available at
https://tonyxuqaq.github.io/projects/RNGDet/,

Index Terms—Road Network Graph Detection, Transformer,
Imitation Learning, Aerial Images, Remote Sensing, Autonomous
Driving.

[. INTRODUCTION

N recent years, road networks have attracted considerable at-

tention in the field of autonomous driving. The graph of road
networks can provide fundamental information for autonomous-
vehicle applications. The graph of road networks is a kind of
vectorized data representation, which consists of vertices and
edges [ 1[]. Each road segment could be seen as a graph edge, and
the intersection points of road segments are vertices. Manually
annotating the road network graph is time-consuming and labor-
intensive, especially when road networks cover a large area
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(a) Ground-truth (b) RNGDet

Fig. 1: A sample result of RNGDet. (a) The ground-truth road
network graph (cyan lines). (b) The graph predicted by RNGDet
(orange lines for edges and yellow points for vertices). We can
see that RNGDet effectively detects the road network graph with
high quality. For better visualization, the lines are drawn with
a thicker width while it is actually one-pixel width. The figure
is best viewed in color. Please zoom in for details.

(e.g., a whole city). Therefore, how to automatically detect road
network graphs using automatic algorithms in large areas is of
great interest to the research community.

To address this issue, past approaches on road network graph
detection usually use aerial images obtained from unmanned
aerial vehicles (UAVs) or satellites [2]]. As aerial imaging tech-
nology evolves, high-resolution and high-quality aerial images
can be easily accessed world-widely nowadays. Moreover, some
aerial imaging datasets also provide extra channels besides Red-
Green-Blue (RGB), such as the infrared channel [3]], making
them more informative for detection purpose. So, this work also
uses aerial images for road network graph detection.

Existing works on road network graph detection can be
generally classified into two categories: segmentation-based
approaches [2f], [4]-[13]] and graph-based approaches [[14]—[18]].
The segmentation-based approaches first predict the probabilis-
tic segmentation map of the road network graph, and then
conduct a series of processing to obtain the graph structure
of the road network, such as skeletonization and filtering.
Most of the early works on road network graph detection
in this field fall into this category. The segmentation-based
approaches could present good results in the pixel-level eval-
uation (e.g., by F1 score) due to the use of existing powerful
semantic segmentation networks, but they usually suffer from
unsatisfactory topology correctness such as incorrect crossroad
connectivity and false disconnection on the road. To address
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this issue, recent graph-based approaches resort to deteatiegral networks to detect the road network in aerial images.
the graph of road networks directly [14], [15], [17], [18]. TheyThey rst split the large aerial image into small patches, then
usually rst predict candidate initial vertices, then, starting frompredicted the road network within each patch and nally merged
each candidate initial vertex, train a decision-making agent patches into the nal predicted road network segmentation
predict adjacent vertices of the current vertex. In this way, roadap. Most later segmentation-based works followed a similar
network graphs can be generated vertex-by-vertex in an iteratpipeline, but with more powerful segmentation networks, such
manner. Although these graph-based approaches could enhascdJ-Net [25], DeepLab V3+ [26], FPN [27] and HRNet
the topology correctness, they are usually composed of tj&8]. Batra et al. [8] extended the aforementioned works by
separate stages, making them hard to be optimized in an eadding another re nement network to x incorrect pixels in
to-end way. The separate stages might accumulate errors #rapredicted segmentation map, which effectively improved the
hence degrade their effectiveness and ef ciency. nal performance. In [11], Gedar&t al. proposed a Spatial
To provide a solution to these issues, in this paper, we propas® Interaction Space Graph Reasoning (SPIN) module, which
a graph-based end-to-end approach nameatR\etwork Gaph performed reasoning over graphs constructed on spatial and
Detection by Transformer (RNGDet). Similar to previous graphnteraction spaces projected from the feature maps. In this way,
based approaches, RNGDet starts from predicted candidate épiatial and topology information are better utilized to improve
tial vertices to extract local visual features using a convolutionalad detection performance. Generative adversarial network
neural network (CNN) backbone, and then sends the featu(€AN) is also a popular tool for map generation tasks [20]-
to a transformer network inspired by the DETR structiird [19]22], but usually, these works output maps in raster format,
Due to the use of deep vertex queries, RNGDet can direciych as styled map tiles. Thus, post-processing is still needed
predict any number of adjacent vertices of the current vertéx vectorize maps.
at one time, so that it can handle any road networks, evenAfter obtaining the probabilistic map of a road network, post-
those with complicated topology (e.g., road intersections pfocessing should be conducted to extract the road centerline,
arbitrary numbers of road segments). Different from previouser out outlier road segments and x incorrect disconnections
graph-based approaches, RNGDet can be optimized as a wiufléhe road network. To better extract the road-network graph,
and trained end-to-end. We train RNGDet through imitatioim [24], Bulatovet al. proposed a similarity criteria to fuse raw
learning to enable it to take the most appropriate action undead segments into chains and designed a two-stage algorithm
different circumstances. To generate the training data (i.e, optimize the obtained road chains. This work can handle
expert demonstration from the imitation learning perspectivejurve roads and sharp circle arcs well. Weneglal. [23]
we propose a sampling algorithm to supervise the agent ftather enhanced [24] to generate longer and more accurate road
explore the whole road network. The proposed RNGDet ietwork chains by proposing an iterative greedy optimization
trained and evaluated on a publicly available dataset releagedcedure.
by RoadTracer[[14]. With this dataset, we compare RNGDetSince semantic segmentation only works on pixel-level pre-
with state-of-the-art works based on multiple evaluation metrifictions, the topology information is not effectively considered.
scores. An example of RNGDet is visualized in Hig. 1. Th€hus, the road network graph obtained by segmentation-based
contributions of our work are summarized below: approaches tends to have poor topology correctness. Moreover,
We propose an end-to-end trainable approach namke@ndcrafted or heuristic post-processing algorithms cannot ef-
RNGDet based on transformer and imitation learning fectively correct errors in the obtained road network graph.
automatically detect the road network graph.
We propose an algorithm to automatically generate traini
samples for RNGDet.
We evaluate RNGDet and compare it with state-of-the-art Different from segmentation-based approaches, graph-based
works on a publicly available dataset to demonstrate tla@proaches for road network graph detection can directly output
superiority of RNGDet. the graph structure. Most of the graph-based works detect the
The remainder of this article is organized as follows. SectidR@d network graph by iterative graph generation [14]-{18].
Il introduces related works. Section Il describes the structufé0adTracer [14] is believed to be the rst work that iteratively
and working pipeline of RNGDet. Section IV presents expefenerates the road network graph. In this work, ground-truth
imental results, discussions, and limitations. Conclusions afftfial vertices were used to initialize the iteration. From each
future work are drawn in the last section. initial vertex, RoadTracer predicted the direction of the adjacent
vertices of the current vertex as a multi-class classi cation
problem, then moved the agent in the predicted direction by
a xed length. RoadTracer presented much better topology
performance than past segmentation-based approaches, but it
Segmentation-based road network graph detection approadiaded to detect road intersections with high quality due to the
2], [41-113], [20]-[22] mainly have two stages: (1) predictxed step length. Tanet al. [17] solved this problem by re-
the segmentation map (i.e., probabilistic map of the rogdacing the direction prediction with heatmap prediction, where
network) and (2) process the segmentation map and obtheatmap demonstrated the probabilistic distribution of adjacent
graph structures by post-processing, such as skeletonization aedices of the current vertex. After obtaining the heatmap, the
heuristic-based algorithms [23], [24]. It is believed that [2huthors extracted local peaks as the predicted adjacent vertices.
proposed by Mnihet al. is the rst work that implemented Although this approach had dynamic step length and presented
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Il. RELATED WORKS
A. Segmentation-based approaches



superior performance to past works, it can not be optimized Eh Imitation learning

an end-to-end way due to the post-processing of the heatmaitation learing aims to train a decision-making agent
which degrades the nal performance. In addition, this workeqyork to mimic an expert. The most commonly used imitation
cannot distinguish vertices that are close to each other. learning algorithm is behavior cloning [44]. In behavior cloning,

Different from aforementioned iterative graph-based apy expert generates a set of demonstrations and the agent tries

proaches, Songet al. [16] proposed Sat2Graph to directlyy, 1earn the policy of the expert. This algorithm is ef cient but

predict the road network graph. Taken as input an aerial imagegyifers from the drifting problem of imitation learning [45].
Sat2Graph predictedE9 dimension tensor. This high dimensionggsset al. proposed a meta-algorithm called Dataset Aggrega-
tensor contained all the information of the road network graq,’bn (DAgger) [40] which could cover a much larger state space
so that the graph could be decoded from the feature tensorifyjieve the drifting problem. However, the DAgger algorithm
algorithms proposed in Sat2Graph [16]. However, Sat2Gragfsents quite a low sampling ef ciency. Based on DAgger, Xu
had the isomorphic encoding issue analyzed in [16], whic} 5 gesigned approaches to detect road elements by imitation
magie |td|f cult to supervise during t.ralnlng. Moreover, !t Ca”nOFearning in [30], [38]. In this paper, since behavior cloning can
distinguish road segments whose intersection angle is smallyjready achieve satisfactory performance, considering the low-

C. Graph detection of objects similar to road networks .Ef ciency pe_rformance of DAgger, we adopt behavior cloning
in our experiments.

There are some tasks that are similar to road network de-
tection, such as the detection of road boundaries [29]-[31],
road lane lines [32]-[35], road lane [36], [37] and road curbs )
[38], [39]. Even though these works do not work on roa@- Approach overview
network detection, their tasks are similar to ours and someThis work aims to detect the road network graph from aerial
ideas or techniques are also inspiring to us.efwal. [38] rst  images, and the road network graph can be used for real-world
proposed to analyze the graph detection problem using imitatigpplications (e.g., autonomous vehicle navigation). Suppose the
learning, and designed a DAgger-based system for road cinput is a large aerial image, , then the nal output should be
detection following the DAgger algorithm [40]. Homayoun&ir a graphG = (V;E). E = fegis a set of graph edges and each
al. proposed DagMapper [33] to detect road lane line graph étigee; represents a road segme¥it.= fv; g is a set of graph
the point cloud map on the highway. DagMapper can predict thertices, and each vertex is either one intersection point of
direction of adjacent vertices of the current vertex, and whethssme road segments or the endpoint of a broken road.
the agent should create a new lane line branch when lane linBased on the DETR structure, our proposed RNGDet detects
intersections were encountered. Although these works couldthe road network graph by iterations. Starting from a pre-
inspiring for our task, they cannot handle the road network grapredicted candidate initial vertex i€ = fc.gf., , RNGDet
detection task since road networks have much more complicaigdatively generates the road network graph by controlling an

IIl. THE PROPOSEDAPPROACH

topology (e.g., road split, road merge and crossroads). agent exploring the road network. During iterations, the history
) trajectory of the agent is recorded by the graph At each
D. Transformer-based detection step, centering at the current position of the agenRNGDet

In recent years, transformer [41] has been receiving mazeops an ROI2 R® - L on 1, and rasterize within the
and more attention since its powerful parallelization capaciBOl asH 2 R' - “. A CNN backbone network is utilized
and great ability to handle sequential tasks. Considering théseextract the deep visual feature of the ROIFRs which is
properties, Carioet al.[19] proposed Detection by Transformersent to the segmentation heads to predict the road segment
(DETR) for one-shot 2D object detection, which is anchor freeegmentation ma and the road intersection segmentation map
and can be trained in an end-to-end way. After extracting imabgeThe candidate initial vertices i@ can be obtained by nding
features by a CNN backbone, DETR sent the obtained featulesal peaks of . After concatenatindgd with S andl , another
as well as multiple object queries to a transformer, and then dBNN backbone network is used to extract the deep fedtyre
tained the bounding box coordinates of objects. Each boundifigen,Fy andF, are fused as the input feature tensor of the
box was encoded by a 4D embedding. Therefore, taken as infrahsformer.
an image, DETR can directly output the coordinates of objectTaking N vertex queriesQ = fgg\, as input, the trans-
bounding boxes. Xt al. [42] adapted DETR to line segmentformer decoder directly predicté vertex embeddings encoding
detection task and named the new model as Line Segm#re valid probability and coordinates of vertices. Each vertex
Detection by Transformer (LETR). In this paper, the authorpuery is a learned embedding, which could be treated as a slot
encoded each line segment as an embedding and predicteduterl by RNGDet to make the prediction of one vertex. Thus
encoding embedding by a DETR-based network. Similarly, Céime number of vertex queridd must be larger than the largest
et al. [43] modi ed the DETR network and pursued to detechumber of vertices needed to be predicted. After lItering out
lane centerlines. Each lane centerline was tted by a B-splimertices with low probability, we obtaiM (M N) valid
and each B-spline was encoded by an embedding. In this wagrtices that are adjacent tg as a setv = fvi,, g4, . If
the authors could directly detect all lane centerlines at one tifve = 0, RNGDet pops a new candidate initial vertex fran
by predicting the embedding that encoded B-spline informatioand repeats the above procesdlif= 1, the agent moves to the
Our work RNGDet is also inspired by DETR, while the outpupredicted coordinate and repeats the above proceds;>f 1,
embedding encodes the information of adjacent vertices of tee agent pushes all the predicted vertices intocCsgpops one
current vertex. vertex from setC and then repeats the above process. When



Fig. 2: The system overview of RNGDet. The gure shows a single step in the graph detection process of RNGDet. In this
example, RNGDet processes a road intersection. Suppose the agent iatdhe current time step (denoted by a yellow node

in H), we crop an ROI on the input aerial imagjg and rasterize the graph generated soGawithin the ROl asH. A CNN
backbone network predicts the featlte of the ROI. ThenF, is sent to the segmentation heads to pre8i@nd| . Taken as

input S, I andH, another CNN network predicts the deep feature tegprand concatenates it with, as the nal feature
tensorF . The transformer predicts the adjacent vertives fvi,; gM; of v. In the updated graph of this example, there are
three predicted adjacent verticeg ,; g, (yellow nodes), and they are connected with the current vegtéglue node) by three

new edges (orange lines). The graphis generated in this way iteratively. This gure is best viewed in color. Please zoom in
for details.

C is empty, RNGDet stops and outputs the nal road networkAlgorithm 1: RNGDet
graph. The overall pseudocode of our system is shown in Alg.Input: An aerial imagel a
1. The system diagram of RNGDet is displayed in Fig. 2. Output: The road network grapts = (V; E)

. 1 begin
B. CNN backbone and segmentation 5 C  find _initial _vertex(l )

The input of RNGDet is a large RGB aerial imagg 2 5 Initialize G as an empty graph
R® 409 40%_Since RNGDet requires the history information, | while C not emptydo

for iterative graph generation, we maintain the gr&phecord- ¢ t 0
ing the past trajectory of the agent. Due to the size of input Vi C:pop)
images, RNGDet crops a RDIR® L L (L is 256 in our - while true do
experiment) ol 4. A multi-layer convolutional neural network g F CNN(la;G;v)
(CNN) is utilized to extract the deep feature of the ROIRas 4 foi,, oY, Transformer (FjQ)
and the CNN backbone in this paper is ResNet [46]. Based gn v filter (fol,; gY,)
the extracted deep featufg , two feature paradigm network; if jVj =0 then
(FPN) [27] segmentation heads predict the segmentationSnag, | break
andl , whereS demonstrates the distribution of road segmenis else ifjVj =1 then
andl shows the distribution of road intersection points as wej} v 0L,
as endpoints of broken roads. Both segmentation tasks are bingry t t+1
segmentation. 16 updateG

To obtain the information of past trajectories, we c®@n else ifjVj > 1 then
the same way as cropping the ROI and rasterize the cro@ped, cC CJ[V
asH 2 R b b for afterward concatenation. Wit8, | and o updateG
H as input, another CNN network outputs the feature tensgr break
Fu. Two feature tensors are concatenated together as the pal end
feature tensoF , containing all the information required by the, | end
transformer. 23 | returnG

24 end

C. Transformer architecture

After obtaining the deep feature tenser, the transformer
predicts the adjacent verticés! ., g, of the current vertex;.




The feature tensdf is reduced to a sequence of smaller tensors,
and then xed positional encoding [47], [48] is fused due
to the permutation-invariant characteristics of the transformer
architecture [19]. The input and output of the transformer
encoder have the same length.

The decoder of the transformer takes in the output sequence
of the encoder as well as a set of vertex quefes fqgg\, ,
and predicts\ embeddings of the adjacent vertices. Each vertex
query g is a learned embedding and produces one predicted
adjacent vertex. In fact, the transformer outputs the Maximum-
a-Posterior (MAP) estimation of vertices at the next time step

Fig. 4: The pipeline of road network graph generation by
RNGDet. RNGDet iteratively generates the road network graph
vertex-by-vertex. According to the number of valid vertices at

ich step, RNGDet takes different actions to update the graph.
Please zoom in for details.

fargmaxp[vi,, JF ;vi; G1gs ; (1)
Vis

Each output embedding can be decoded into a valid pro
bility pi,; and a 2D vertex coordinate,; by feed-forward
networks (FFN).pl,; demonstrates the probability tha},,
is valid and should be added into the road network gr&ph
Suppose we havel (M N) valid predicted vertices as a set
V = fvi,; g, , then for each valid predicted vertex,, , we
update the road network gragh by addingvi,, into V and
a new edge connecting,; with v; into E. The transformer
architecture is visualized in Fig. 3.

(a) Stept (b) S (o)1 (d) Stept +1

Fig. 5: Visualization of graph updating. Each row represents an
example that shows how RNGDet iteratively generates the road
network graph. (a) ROI of the current stépThe cyan lines
are the ground-truth road network, the pink lines demonstrate
history graph and the blue nodevs (b) The segmentation map

of road segments (i.eS). (c) The segmentation map of road
intersections (i.e.l ). (d) Updated graph at the next time step
t+1. Yellow nodes are valid predicted adjacent vertiggs
while red nodes are invalid ones. Valid vertices will be used to
gpdate the road network graph. Orange lines are the predicted
new edges connecting with v{,, . This gure is best viewed

%color. Please zoom in for details.

Fig. 3: The architecture of the transformer in RNGDet. In thi
gure, B represents batch size, al represents the number
of vertex queries. Taken as input the predicted CNN featu
tensor F, the transformer rst splitsF into a sequence of
smaller tensors. In our experiment, tBe 256 8 8-sized
feature tensor is split into a 64-length sequence, which contalls
B 256-sized tensors. Then, the transformer encoder processepuring the inference period, RNGDet generates the road
the input tensors and outputs a sequence of feature tens@fvork graph by iterations. First, we initialize the candidate
whose shape is the same as that of the input. Finally, basedififial vertex setC by nding local peaks of the road intersection
the encoder output and vertex queries, the transformer decogi&mentation map. Then, RNGDet pops one vertax from
predictsN verticesf vi,; git; , and the valid probability},; of the setC. Centering atv;, RNGDet crops input images and
each vertex,, . Vertices with high enoughp;,, are regarded predicts valid vertices at the next time step \&sBased on
as valid vertices and used for graph updates. the number of valid verticep/j = M, RNGDet takes different
actions to update the road network graph: 1)= 0. It means

Policy for graph generation during inference period



@) (b) (©) (d)

Fig. 7: Examples of training label generation. Cyan lines are
ground-truth road network, pink lines are history road network,

. o o S i blue nodes representg and (vi,;) is denoted by yellow
Fig. 6: Visualization of the simpli cation of the ground trUthnodes. The radiant of the orange circle in (a)-(c) isvhile

road network graph. In the raw ground-truth graph, there e radiant of the orange circle in (d) i ©is smaller

various kinds of vertices with different degrees (yellow node,\ds1an in our experiment. (a) Road-segment-mode. The road

n the left sub gure). For training label calc_:ulatlon, We remove head is straight. (b) Road-segment-mode. The road ahead has
vertices whose degrees are two. After Itering, only intersection " . .

. . . turning points with large enough curvature. (c) Road-segment-
vertices (degrees larger than 2) and endpoint vertices (degrees

are 1) remain (pink nodes in the right sub gure). The roaanode. The agent should connegtwith a previously generated

i . . : ce%ndidate initial vertex. (d) Intersection-mode. There are three
connecting two adjacent vertices is de ned as a road segment,

: : 2 hew road segments that are incident to the current intersection

The agent must nish exploring a road segment before switching . . . . .
. ﬁ)?)lnt. This gure is best viewed in color.

to other road segments. In this way, we can guarantee the

correctness of automatically generated labels. This gure is best

iewed in color. : .
viewed we remove these vertices from the ground-truth graph. This pro-

cess is visualized in Fig. 6. After the graph simpli cation, there

there is no road ahead, thus RNGDet should stop processingqﬁ% only _gndpomt vertices _and intersection vertices remaining.
current road and turns to work on other road€ ifs not empty. To facilitate the calculation of labels, we de ne every road

(2) M = 1. This happens when RNGDet travels along a Singré:mnecting adjacent vertices as a road segment. The agent will
road. RNGDet adds?,; into V and edge(vi;vd, ) into E be either in road-segment-mode or intersection-mode. The road-
. t+ » Vi+ H

psegment-mode indicates that the agent is currently traveling
along a road segment, and there will be only one ground-truth

) . _ 1
This indicates that RNGDet encounters road intersections afid vertex ateach step (i.&/, = f(vi,,) g). Three examples
needs to generate new vertices in multiple directions. RNGDREE Visualized in sub gure (a), (b) and (c) of Fig. 7. To prevent
will update the graph, push all verticesVhto C, and pop one the agent from being trapped in an in nite loop, the training
candidate initial vertex fronC. label should encourage the agent to move forward (Mg, )
RNGDet keeps running the above iterations to generate %oulti tr)le far enoughdfromt and rfnok:/e to c:heh un§>§ploreq h
road network graph vertex-by-vertex. If and only if the candida rt of the current roa s_egment). It the roa ahead Is straight
initial vertex setC is empty, RNGDet stops and outputs th I.e., no turning points Wlth large CL_Jrvature _W|th|n distance
generated road network grag= ( V;E). The pipeline of the to v¢), we select the point whose distance isaway fromv;

A . .
road network graph generation process of RNGDet is visualiz@a(v“l) (subgure (a) of F'g,' 7). If_ there are some turning
in Fig. 4. Some example visualizations are shown in Fig. 5. points ahead, we nd the turning point that is closestjaas
(vi;) (subgure (b) of Fig. 7). If there is some candidate
t+1

initial vertices within distance tov;, the closest candidate
E. Training label calculation initial vertex is treated aévt,; ) (sub gure (c) of Fig. 7). Note

at the above algorithm is only utilized to generate the training

Based on the ground-truth road network graph and the curr r}b : :
location of the agent;, we can automatically generate th abel and does not affect the graph updating process during
' inference.

training label for RNGDet (i.eS ,| \V = f(vi,;) g¥;). The i i
segmentation labels can be simply cropped from the ground-When the agent nishes exploring the current road segment,

truth segmentation masks centeringvat For V , we need to it switches to the intersection-mode and nds incident road seg-

obtain coordinates of the ground-truth vertices at the next tilﬁéegts' For each incident road segment, the point whose distance
step. To achieve that, we (1) simplify the ground-truth rod§ ~away fromv, is de ned as the label vertex (sub gure (d) of
network graph by removing vertices whose degree is 2 and (29 7)- Usually there will be multiplvi., ) \h/Avhen RNGDet is
generate the label vertices at the next time step based on thi€ intersection-mode (i.eV = f(vi,;) giz; andM > 1).
ground-truth road network graph.

The raw ground-truth graph consists of various kinds ?_I Loss functions
vertices, such as endpoint vertices (degrees are 1), vertices'in
the middle of roads (degrees are 2) and intersection vertice#\t each step, RNGDet predicts two segmentation maps as
(degrees are larger than 2). Among them, vertices whose degneell as coordinates and valid probability of vertices at the next
are 2 are not uniquely de ned and could be removed withoatep. Thus, in our experiment three loss functions are utilized
harming the road network topology. Therefore, for simplicityto train RNGDet. Suppose the predicted segmentation maps are

and then moves te},; . RNGDet keeps updating the graph i
this way until intersections or broken roads are metM3¥ 1.



IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
A. Dataset

) In this paper, all the experiments are conducted on the Road-
Tracer dataset [14]. The dataset contains 300 high-resolution

S and(* while the ground-truth segmentation masks &reand
| , then we have

I—seg = L(é;S )+ I—(r\;l );

wherelL is focal loss [49]. Similarly, suppose the ground—trutﬁ‘erial images (60cm/pixel) obtained from Google map, and the

. M L ground-truth road network graphs are from the OpenStreetMap
vert|cesNat the next stept 1 arefy; g, and the pred|ct|oqs (OSM). All the data has been converted to the image coordinate
aref¥,gt, , whereM  N. They can be matched by solving

L : ] . “system. This dataset covers 40 cities (e.g., Los Angeles and
a bipartite matching problem through minimizing the fOHOW'n%oston) Each aerial image has 3 channels antD86 4096

function: " sized. A city may be composed of multiple aerial images.
A = argmin Lmatch (9i5V ); ) .
i B. Implementation
where is the index ofv matched with¢:, and L e Cal- To obtain the dataset to train RNGDet, we run the pro-

r*oosed data sampling algorithm to explore the ground-truth road
Ifatwork graph of the training aerial images and generate the
training samples. At each step, Gaussian noise is added for
1 N graph updating in order to make RNGDet more robust. Finally,
Leoord = — % Vi (4) the training set contains around 300K samples from different
N i aerial images. We split 10K samples from the training set as
the validation data.
RNGDet also predicts the valid probabilify of each®;, and  |n our experiment, we set the crop size of ROI as 256 (i.e.,
only vertices with high enougl will be used to update the L = 256) to trade-off between effectiveness and ef ciency.
road network graph. The ground-truth valuefpfis 1 if % is  \when we generate the training labels,is set as 40 pixels
matched with a , otherwise the ground-truth value pfis 0 and 0is set as 20 pixels. For the transformer, the number of
(i.e., ¢ does not matched with any ). Binary cross entropy input vertex queries is 10 (i.ejQj = N = 10). RNGDet is
loss is utilized to optimized;: trained with a learning rate ak0 * and a decay rate ak0 °
for 50 epochs. We evaluate the performance of RNGDet on the
(5) validation set at the end of each epoch. All the experiments are
conducted on 4 RTX-3090 GPUs.

culates pair wise Euclidean distance. After the vertex matchi
we have the L1 loss as

Lvaia = BCELoS$P;P );

where P = fpgf, andP = fpgY,. The nal loss
function training RNGDet is the weighted summation of th& Baselines

aforementioned loss functions: ) .
We compare our proposed RNGDet with two segmentation-

(6) based approaches and three graph-based approaches.
ImprovedRoad [8] (CVPR 2019): ImprovedRoad is one of
the state-of-the-art segmentation-based approaches in the
past. Orientation information is used to enhance the road
segmentation, and it trains an extra re ne network to x
incorrect road segmentation predictions.
SPIN RoadMapper [11] (ICRA 2022): Based on Improve-
dRoad, SPIN RoadMapper proposes a graph reasoning
To obtain the training dataset for RNGDet, we propose a scheme to further capture spatial information of the aerial
behavior-cloning-based algorithm to explore the ground-truth image. ImprovedRoad and SPIN RoadMapper are trained
road network graph to generate training samples. Suppose the for 120 epochs. These two approaches usually suffer from

L =Lseg*+ Lcoord * Luvaid ;

where, and balance the loss function. We have= 5 and
=1 in our experiments.

G. Training data sampling

agent is now at;, we then crop the ROI oy, cropS on
the ground-truth road segment segmentation mask, lcropn

the ground-truth road intersection segmentation mask, crop and
rasterizeG for H, and calculate the ground-truth vertices as

well as valid probability at the next time step (i.&/, and

P ) based on aforementioned approaches. Then, one training

sample (ROH,S ,| vV ,P ) is obtained. If the agent is in

the road-segment-mode and the ground-truth vertex at the next

time step(vl,;) is an intersection point, we us@t,;) to

update the graph (i.e., the agent moveg\h; ) ); otherwise
we add(vi,,;) with Gaussian noises to update the graph
(i.e., the agent moves ., ) + ). The agent is driven to

poor topology correctness.

RoadTracer [14] (CVPR 2018): RoadTracer is believed to
be the rst graph-based approach. It predicts the directions
of the vertices at the next step as a multi-class classi cation
problem. However, it has a xed step size and the train-
ing label generation algorithm may produce inappropriate
labels.

VecRoad [17] (CVPR 2020): VecRoad is an improved
version of RoadTracer, and is the state-of-the-art graph-
based approach. It predicts the distribution of the vertices
at the next step, which allows exible step size. But it is
still two-stage and cannot be optimized in an end-to-end

explore road networks by this behavior-cloning-based sampling manner. Moreover, it may not be able to distinguish vertices
algorithm, and the generated samples are used to train RNGDet. that are close to each other.



Sat2Graph [16] (ECCV 2020): Sat2Graph proposes a n&v Comparative results

graph encoding scheme and designs deep neural networkg\Gpet is compared with ve baseline approaches, includ-
to predict the graph encoding of the input image. Theyg two segmentation-based baselines and three graph-based
predicted graph encoding can be decoded into road net""‘Brgselines. The quantitative comparison results are shown in
graphs with satisfactory accuracy. However, it suffers frof,, | | Tap, 1, besides baseline approaches, we also evaluate
the isomorphic encoding issue which is analyzed in [16kNGDet with different backbones (i.e., ResNet-34, ResNet-50

and it has relatively inferior performance when arc roadg,q ResNet-101) for more fair and comprehensive comparison.
are encountered please refer to the fourth row of Fig. 8 Balitative visualizations are provided in Fig. 8.

an example). For segmentation results, we rst predict the segmentation
map, and then binarize it by thresholding. Finally, we run
D. Evaluation metrics skeletonization algorithms to extract the graph of predicted seg-

In our experimentsl we use three metrics pixe|-precisidﬁentati0n maps. From the Comparison reSUltS, we nd that these

(P-P), pixel-recall (P-R) and pixel-F1-score (P-F) for pixel@pproaches have good pixel-level results since they directly opti-
level evaluation, three metrics intersection-precision (I-P)}ize pixel-level segmentation. However, since they cannot fully
intersection-recall (I-R) and intersection-F1-score (I-F) for irHtilize spatial and geometric information, they have poor per-
tersection point evaluation and one metric average path lené§#Amance on topology correctness. Thus segmentation-based ap-
similarity (APLS) [50] for topology correctness evaluation. ~Proaches have relatively inferior intersection-level and topology-
To calculate the pixel-level metric scores, we rasterize thvel scores. Therefore, segmentation-based approaches are not
ground-truth graph and the predicted graph as binary imag@ cient for our road network graph detection task.
B and B, respectively. For a pixel iB , if there exists a  Graph-based approaches directly optimize the graph, thus
pixel in B and the Euclidean distance between them is smalf&ey present much better results from the topology perspective.
than , then this pixel is treated as correctly retrieved. SimilarljRoadTracer has a xed step length, which makes it unable to
if a pixel in B can nd a pixel inB within distance, then handle some scenarios very well, especially when the agent

we say this pixel is correctly detected. In this way, P-P, P-R aifd near road intersections. VecRoad is more powerful due to
P-F can be obtained by the following equations: the use of Res2Net [51] backbone network and the exible

o _ _ B step size. However, VecRoad predicts vertices by nding local
p.p= ITPkpik<: 992 B ;8p2 Bgj peaks on heatmaps, so when vertices are very close to each

j|§i ’ other, it may not be able to correctly detect them. Therefore,

_ jfpikp;ck< ; 992 B;8p2 B gj @ it may fail to correctly detect some precise graph structures.
P-R= iBj ' Sat2Graph presents good results on straight road detection, but

2P-P P-R it cannot handle curve roads very well, which degrades its

P-F= m; nal performance (please refer to the fourth row of Fig. 8 as

) _ o an example). Our proposed RNGDet can directly output the
where k k calculates the Euclidean distance andj is the .,qqinates of vertices, therefore RNGDet can handle more
cardinality of a set. Threshold measures the level of error qq,qjicated situations and has more powerful performance.
tqlerance, and we show the .metrlc scores witss 2, 5 and 10 RNGDet with ResNet-101 backbone has the best performance
pixels for more comprehensive evaluation. during evaluation, gaining 2-5% improvement on almost all

I-P, I-R and I-F are calculated in a similar way as thgayics scores compared with past state-of-the-art approaches.
aforementioned pixels-level metrics. The only difference is thﬁtNGDet with ResNet-50 backbone has a little bit inferior
instead of rasterizing the whole graph into binary images herformance, but it still outperforms VecRoad except APLS.
and B, these three metrics only care about intersection POIE\GDet with ResNet-34 backbone presents unsatisfactory re-

(i.e., rasterized binary images only contain intersection p°i“t§h|ts, which may be caused by the shallow backbone network
These three metrics evaluate the ability of approaches to dergﬁa FPN segmentation heads.

road intersections. We also show these metric scores in our
experimental results with different

APLS measures the similarity of the ground-truth graph F. Ablation studies
and the predicted grap8. It samples multiple vertex pairs on  |n this section, we study the signi cance of some components
both graphs and compares the difference between the shorggséur network design, including the road segment segmenta-
distance of vertex pairs. APLS is calculated by the followingon S, road intersection segmentatiénand the transformer
equation: structure of RNGDet. All ablation studies are conducted on

. iL@b L) RNGDet wi_th ResNet—lOl backbqne. The quantitative results

APLS=1 — min 1 : (8) of our ablation studies are shown in Tab. II.

Ns L(a;b First, we completely remove the segmentation heads from
where(a;b) demonstrates a vertex pair sampled fr@m and RNGDet. From the evaluation results, we notice that the perfor-
(a% 1) is the corresponding vertex pair sampled frédn The mance of RNGDet drops a lot because the segmentation heads
number of sampled vertex pairs is denotedNy, andL(; ) can provide strong supervision to assist the CNN backbone to
calculates the length of the shortest path between two verticestract features of the input. Then, we evaluate RNGDet by
Higher APLS indicates better graph similarity and topologgnly removing the road segment segmentat®nAll metrics
correctness. scores degrade, especially pixel-level metrics scores. After this,




(a) Ground truth (b) ImprovedRoad [8] (¢) SPIN Road [11](d) RoadTracer [14] (e) VecRoad [17] (f) Sat2Graph [16] (g) RNGDet

Fig. 8: Qualitative demonstrations. We visualize the road network detection results on aerial images. The size of each image i
512 512 (a) Ground-truth road network graph (cyan lines). (b)-(c) The road network graph predicted by segmentation-based
approaches (orange lines). These two approaches have poor topology performance such as incorrect disconnections. (d)-(g) T
road network graph predicted by graph-based approaches (orange lines as edges and yellow points as vertices). Compared w
RoadTracer, VecRoad and Sat2Graph, RNGDet presents more precise graph structures. For better visualization, lines are widen
but they are actually of one-pixel width. This gure is best viewed in color. Please zoom in for details.

we remove the road intersection segmentatloronly, and includingS and! is veri ed.

the intersection-level metrics scores and APLS are severelyrina|ly, to examine the importance of the transformer struc-

intersections, removing will lead to incorrect connections pask-RCNN [52]. In our task, similar to VecRoad [17], Mask-
near road intersections and make the topology correctness mEgiNN rst predicts the heatmap of vertices at the next time
worse. In this way, the necessity of the segmentation maggp and then extracts the coordinate of vertices by handcrafted
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