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ABSTRACT
Road attributes play a pivotal role in digital maps, providing criti-
cal information for various routing and planning applications that
aim to create a safe and e�cient tra�c environment. While some
road attributes are available in existing map data such as Open-
StreetMap [3], these sources may not cover all regions, meet high-
quality standards, or include speci�c attributes required for spe-
cialized applications using these. To address these challenges, we
propose a novel framework that leverages multi-task deep learn-
ing to learn road attributes from remote sensing imagery and GPS
data. Our approach treats the task as a multi-task learning problem
and incorporates convolutional and graph neural networks into an
end-to-end learning framework. This enables e�cient prediction
of multiple road attributes for a set of input roads. To evaluate our
system, we collect annotations and develop our model using public
map sources. Our results demonstrate promising performance in
predicting road type, road median, lane number, road direction-
ality, and width in meters. By exploring di�erent road attributes
compared to previous works, our e�orts open up new possibilities
for novel applications in this domain. Overall, our research con-
tributes to advancing the understanding and prediction of road
attributes, enhancing the quality and completeness of digital maps,
and enabling the development of innovative solutions for various
applications.
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Figure 1: The proposed method outputs multiple road at-
tributes from aerial imagery 1for every input road geometry
with one forward operation. Our model consists of CNN and
GNN components for e�cient and high-performance road
attribute prediction.
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1 INTRODUCTION
Digital maps are indispensable tools in today’s navigation systems,
serving a multitude of purposes, such as optimizing logistics costs
and enabling e�cient and safe route selection. As a result, the aca-
demic community and industry partners have placed signi�cant
emphasis on addressing map learning problems to ensure the ac-
curacy and timeliness required for maintaining high-quality maps.
Apart from road extraction techniques [13, 7, 33, 27, 9], which focus
on inferring the missing roads, the acquisition of road attributes
(e.g., one-/two-way roads, speed limit, number of lanes) also plays
a vital role in constructing rich and valuable map data, for better
next-step applications.

Modern approaches have made great e�orts in leveraging deep
neural network architectures [11] for visual recognition to predict
road attributes from satellite imagery, by converting the road at-
tribute learning problem into image classi�cation where the image
center is aligned onto a target road [12, 31]. Beyond the satellite

1All �gures use randomly selected images for illustration and are not indicative of
Amazon customer or delivery locations.
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Figure 2: Diagram of the proposed model architecture for multi-task road attribute learning. It consists of an encoder for
dense feature extraction and multiple GNN-based decoders for multi-task road attribute prediction for individual input road
geometries. The decoder is composed of GraphSAGE operation, LayerNorm, and ReLU.

imagery, providing a straight observation, GPS data is a comple-
mentary and important clue to re�ect driving behavior. Therefore,
some related work combined GPS data for enhancing attribute pre-
diction [31, 32]. However, treating road attribute learning as image
classi�cation is naive, owing to the lack of consideration in road
geometry and overall layout. To overcome this, graph neural net-
works (GNNs) [6] are adopted to propagate intermediate results
through road connections and then re�ne predicted attributes.

Despite the success of previous research, we point out several
aspects in leveraging powerful deep neural networks for attribute
learning. First, in general image classi�cation tasks, the target ob-
jects typically constitute the majority of images, that convolution
operations [21] or linear projections [8] can e�ectively extract visual
features and classify the images. In contrast, roads have a distinct
characteristic of being long and narrow, resulting in them occu-
pying fewer pixels compared to other contextual elements, which
potentially limits the performance of attribute learning. Second,
performing image classi�cation is an in-e�cient way for di�erent
location of a road, as the images aligned from neighboring points
have large overlapped regions. The redundancy makes practical
deployment di�cult and expensive in the worldwide level, which
motivates us to seek for a more e�cient framework and network
architecture. Third, separate models are trained in previous work
for individual attributes, which further restricts e�ciency of model
deployment. However, there are some correlation between di�er-
ent attributes (e.g., road class and number of lanes, road class and
directionality). We believe this makes it possible to share features
across multiple attributes and even improve individual tasks, since
richer annotations are provided to a network.

In this paper, we propose a novel network architecture for multi-
task road attribute learning from aerial (or satellite) imagery and
GPS statistics, based on the combination between CNN and GNN.
Instead of cropping images into a �xed size for image classi�cation
network, our model is able to �exibly take images at arbitrary sizes
during training and inference as inputs.

We �rst leverage CNN to compute a dense feature map for a very
big image, which can correspond to a 600⇥ 600<2 area and contain
hundreds of roads. Then, we accurately extract features for the key
points sampled from road geometry with bi-linear interpolation,
that we do not need to align roads into image centers. Besides, we
believe our model’s success stems from its location-level feature ex-
traction capability, helping the network focus on roads and nearby
areas. Finally, GNN layers are utilized to propagate information
over the key points and jointly trained with CNN layers end-to-end.
Last but not least, to make full use of networks’ capability of en-
coding visual representations, we provide building outline masks
to our model as a regularization term, to encourage the network to
learn more contextual dependencies and correlations between road
attributes and context.

Below is a list of our contributions:
• We propose an e�cient and e�ective road attribute learn-
ing network architecture. Our model extracts local features
for individual key points from target roads and propagate
information over the entire road graph, and then predicts
multiple road attributes for all the roads in a region.

• We provide decent performance in several tasks simultane-
ously, including road median, which most previous work did
not demonstrate, but it holds great importance (for U-turns,
etc.).
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• We demonstrate that building outlines serve as a valuable
cue for road attribute learning. We apply them to encode
additional semantic contexts, which o�ers new insights for
future research in road attribute learning. This approach
enables a better capture of context and facilitates the learning
of geo-spatial representations for road attributes.

2 RELATEDWORK
2.1 Road attribute learning
In the last decades, computer vision techniques became a hot topic
that were applied to a variety of problems. Among these is to
learn/infer roads and their attributes. [12] builds a CNN image
classi�er on satellite images to predict road attributes, where road
segments are aligned at the center of images. Satellite images pro-
vide a direct observation for many road attributes, such as number
of lanes and road type. Similarly, [31, 15, 26, 18] leverage satellite
images to reach a similar goal, where they are used to extract visual
representation to infer local road attributes [15] or conditions [26].
In addition to satellite images, GPS traces are also a crucial resource,
especially to learn driving related attributes (e.g., road directions,
speed limits, number of lanes, etc.). Early research on road attribute
learning focused on hand-crafted features fromGPS data, which can
only used for certain attributes, such as road type [1], road bound-
ary [30], etc. Besides, in order to extract GPS features for each road
segment, map matching is required for many methods [5] which
introduces further computational cost and increases the design
complexity.

Recently, [31] renders location, bearing, and speed into a GPS
image sequence, and combines these with satellite images using a
deep neural network to predict road attributes, and achieves decent
performance. Finally, graph representation of road networks is
important to understand the road attributes and their interaction
with each other. Therefore, several works use graph representations
for the road structures to predict road type [14] and speed limit [16].

2.2 Graph neural networks for geospatial
problems

Graph neural networks (GNNs) emerge as a powerful tool to model
graph structures using deep neural network, similar to popular
convolutional neural networks for array structures. It shows many
useful applications in intelligent transportation systems [24] and
geospatial problems [17, 28], because geo-objects and their con-
nections are naturally represented as a graph structure, such as
roads. It has shown several important mobility related applications,
including tra�c forecasting [4], spatial data analysis [20], disaster
management [22]. In particular, GNN has been adopted in several
maps learning problems, such as road inference [29, 13, 2] and road
attribute learning [12]. The above-mentioned methods combine
CNN and GNN, where CNN is used to learn local visual patterns and
GNN helps to propagate the information through graph structures.
The GNN component allows a model to focus on road topologies,
rather than irrelevant image areas. However, those approaches
usually crop a whole image into several overlapped small image
patches, and feed each small patch into CNN. Therefore, they have
to process redundant information over and over, limiting their e�-
ciency at training and inference.

Figure 3: Examples of aerial images and semantic informa-
tion used in this work. Those images are at 2048⇥ 2048 resolu-
tion and each pixel corresponds to 30 ⇥ 302<2. The building
outline and road masks are drawn with blue and red colors.
We encourage our network to segment building outlines and
road masks to learn semantic intermediate representations.

Di�erent from previous work [12, 31], we do not have to align
a road as the image center to adopt image classi�cation networks
on �xed image sizes. We feed a larger image and multiple road
locations into the network to learn and predict road attributes in a
more e�cient way, where we �exibly sample features from a dense
feature map at arbitrary locations. Besides, the proposed framework
does not require complicated pre-processing (e.g., image cropping),
and sample local features at multiple locations in one forward
operation. Therefore, our model is not only more e�cient, but also
provides wider context to propagate information. Eventually, we
combine graph neural networks on a road graph to propagate image
and GPS information, and train all the components end-to-end.

3 PROPOSED METHOD
We present our framework for road attribute learning from aerial
imagery and GPS data in this section. Our model is based on dense
prediction on individual key points provided by the road geometry
from existing map data, for example OpenStreetMap (OSM) [3]
used in this work. It consists of a CNN-based encoder to learn
visual features for individual key points, as well as a GNN-based
decoder to propagate the information through the graph of road
geometries. In the combination between CNN and GNN, our model
can be trained in an end-to-end manner, and predict road attributes
for each input road segment e�ciently. In detail, our model has
multiple decoder branches, to produce various road attributes for
all the input road geometry in one forward pass, which helps to
deploy large-scale road attribute learning in practice. Figure 2 plots
the overall architecture of the proposed model. It has two input
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Figure 4: Road geometry densi�cation example. We insert
key points equidistantly (bottom) over the original road ge-
ometry (top). We feed original key points (blue circles), in-
serted key points (red dash circles), their connections, and
corresponding aerial images into the proposed network.

branches. The �rst branch feeds image/GPS pairs into the network
and learn visual features. The second branch takes road graphs as
the inputs, indicating key point locations and their connections.

3.1 Aerial imagery and road geometry
Aerial (or satellite) imagery is used as the core data source in our
work to learn road attributes. The images provide a direct obser-
vation of roads and nearby environments from bird’s eye views.
They typically capture many useful visual signals for learning road
attributes, for example lanes, road markers, and some obstacles. Be-
sides, road geometry indicates the location of roads, which not only
provides the target for prediction, but also illustrates the overall
road structure and layout for a region. Therefore, we leverage a
data pair consisting of a road graph composed of multiple roads
and the corresponding image captured from a vast area to acquire
knowledge about road attributes. The utilization of a large area
enables us to gather comprehensive information about a group of
roads, thereby facilitating e�cient attribute prediction and enhanc-
ing overall performance. For instance, as depicted in Figure 4, the
top image exhibits three roads with di�erent colors. By considering
the surrounding topography and landform, we can infer various
characteristics of these roads solely based on the aerial images, such
as road class and speed limits. At the end, apart from images and
roads, we also query additional information and operate road graph
for input data preparation.
Input data pre-processing We apply aerial images, GPS raster
images, and corresponding road geometries as the inputs of our
network. To receive input data at proper forms, we operate original

Figure 5: An example of GPS raster image created from raw
GPS data points shown in the top.We visualize three channels
of normalized count, average speed, average bearing change,
and all 12-bands raster images.
images and map data. Speci�cally, we crop aerial images into 2048⇥
2048 in spatial resolution, which refers to 614 ⇥ 614<2 area in real
world. Besides, as the aerial images provide the geo-coordinates (i.e.,
longitude and latitude) for the top-left and bottom-right corners, we
can crop the corresponding GPS data and road geometry from map
data to align with aerial images. Last, the geo-coordinates for the
key points of each road can be converted into image-coordinates,
which are not necessary to be integers in our work. Since some
roads are partitioned into multiple di�erent image crops, we also
keep the index of road geometry in addition to image-coordinates
to predict attributes for entire roads during inference time, where a
road can be very long winding one.
Building outline Road attributes are usually related to surround-
ing environment. For example, there are less building but more
trees for high-way compared with the roads to a university or liv-
ing areas. Therefore, we believe building outlines can provide useful
clues to help network to encode more semantic contexts. Providing
building outlines and road masks to our model, we aim to teach the
network to recognize buildings and roads, in order to capture the
correlation between road attributes for a speci�c road and other
objects from the same area. Figure 3 draws some examples used in
our work, that we can clearly see the distributions of buildings and
roads are varying a lot for di�erent regions and environments.
Road graph densi�cationMap data providers o�er the road ge-
ometry, indicating the location of individual roads on the earth. A
road geometry is represented as a sequence of key points, that we
leverage those key points to predict road attributes. Furthermore,
instead of using the original key points from a map only, we also
add new key points between the original points, which bene�ts for
sampling more features of a road and representing a road better. For
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example, in Figure 4, three roads are shown in the top image, where
the map only constructs a road geometry by using the key points
related to direction changes or intersections. We equidistantly in-
sert some key points (i.e.,  1 to  8) between the original key points,
and apply our newly constructed road graph to learn attributes for
individual roads de�ned in the original map (e.g., white, orange,
and blue roads). In principle, we predict attributes for a complete
road by predicting each small section (e.g., � 3, �⌫,  1 2) and
summarizing them. More details will be discussed in the rest of this
section.

3.2 GPS rasterization
GPS trajectories collected from individual users provide an im-
portant aspect of the underlying road attributes. Since these are
a�ecting the people’s driving behavior, their usage in a road at-
tribute inference model becomes fundamental. In our work, we are
not interested in the individual behaviors but aim to infer their
collective behavior over a road segment. Therefore, we aggregate
all trajectories across a time span (e.g. a couple of months) into a
raster image where each band represents a key motion behavior
(speed, acceleration, turns, etc.). Figure 5 shows an example GPS
raster where its bands are separately illustrated. The details of GPS
raster generation is omitted from this paper since it is not our main
contribution. However, [9] provides a detailed description about
the topic.

Using GPS raster images provides us an opportunity to leverage
GPS data with the same architecture as the one we have for remote
sensing imagery. Thus, they provide statistics for trip counts over
a road, average speed and acceleration, bearing changes, and trip
direction in eight cardinal directions (N, NE, E, SE, S, SW, W, NW).
These are concatenated with remote sensing imagery, forming
images with 15 channels (bands), as the input of our road attribute
learning model which support physical (e.g., road median, number
of lanes) as well as motion related attributes.

3.3 CNN-based encoder
To learn features for individual roads from aerial images and GPS
raster images, we concatenate them together to form images - 2
R�⇥, ⇥15 with 15 channels and feed into a CNN backbone (i.e.,
ResNet-34 in our work) to extract multi-scale dense visual features
at = stages {�8 }=8=1, where each feature is at di�erent spatial resolu-
tion �8 2 R⇠8⇥�8⇥,8 and downsampled by factor B8 compared with
original image resolution.

Given dense feature maps, our next goal is to acquire repre-
sentations for all input road segments. Our solution is based on
feature extraction from dense maps for each key points, as shown
in Figure 4. As we know the geo-coordinates (i.e., LAT, LON) for
an entire image and every key point, we are able to convert the
geo-coordinate of key points into image-coordinates (G,~), which
provides location to sample features on {�8 }=8=1. In particular, �8
is spatially downsampled from - by a factor B8 , therefore, we ex-
tract features at 8�C⌘ stage at the location (G8 ,~8 ), where G8 = G

B8
and ~8 =

~
B8
. Because of the downsampling and conversion from

geo-coordinates to image-coordinates, (G8 ,~8 ) cannot guarantee
to be integer. Therefore, we need to handle feature extraction at
fractional locations. In detail, we apply bilinear interpolation to

reach this goal, which is di�erentiable and allows for training the
whole model end-to-end. Formally, the 8�C⌘ stage feature for key
point at image location (G,~) can be computed by

5 40C8 (G,~) = �8 (:, bG8 c, b~8 c) ⇤ (1 + bG8 c � G8 ) ⇤ (1 + b~8 c � ~8 )
+ �8 (:, 1 + bG8 c, b~8 c) ⇤ (G8 � bG8 c) ⇤ (1 + b~8 c � ~8 )
+ �8 (:, bG8 c, 1 + b~8 c) ⇤ (1 + bG8 c � G8 ) ⇤ (~8 � b~8 c)
+ �8 (:, 1 + bG8 c, 1 + b~8 c) ⇤ (G8 � bG8 c) ⇤ (~8 � b~8 c),

(1)

where b⇤c is a round-down operation. At the end, the feature from
the CNN 8�C⌘ stage for a key point is a vector at the ⇠8 dimension.

Because a key pointmight be sharedwith di�erent road segments
with possibly di�erent GT, predicting attributes for individual key
points would cause to ambiguous. To better predict road attributes
for input road segments, where they can share key points in the
map data, in particular, on the intersection areas (e.g., point “A" in
the bottom plot of Figure 4). To overcome this issue, we represent
a small road section by neighboring densi�ed key points, based
on key point features. Instead of predicting attributes for each
key points, we produce prediction for each road section using the
concatenation of neighboring key point features, such as  1 2,
� 4 in Figure 4. At the end, we also leverage multi-stage features
from a CNN backbone, capturing di�erent levels of representations.
A simple way to produce attribute prediction is to learn a linear
projection layer with all the feature concatenation. However, this
solution lacks the consideration of road graphs and thus fails to
learn the dependencies between di�erent roads. In the following,
we present a predominant decoder based on graph neural networks.

3.4 GNN-based decoder
After extracting multi-stage feature vectors for all the key points,
we learn graph neural network (GNN) blocks to perform message
passing through a road network structure. In this work, we adopt
GraphSAGE [10] as the basic graph learning layer to construct our
GNN block. Assuming the feature vectors with size of⇠ ⇥ , where
there are  key points in total, the GNN block outputs features
with size of ⇠⇤ ⇥  . The �rst goal of GNN is to propagate context
information through the road graph. The second goal of applying
GNN is to reduce the feature dimension from⇠ to⇠⇤. Alternatively,
we can also learn a linear projection layer to reduce the feature
dimension, however, we observe GNN achieves better accuracy.
With the visual embeddings on key points, we perform prediction
for individual road sections, which is a subsection of a road segment.
Finally, we can learn a classi�er or regressor for the prediction for
each road section.

3.5 Model training
Dynamic weighting loss Given = tasks, our model calculates loss
functions from = decoders, resulting in = loss functions L1, L2,
..., L= . We can apply loss weights for individual tasks, and the
multi-task loss function can be written as

L<D;C8 =
=’
8=1

F8 · L8 , (2)
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Table 1: Statistics of dataset and annotation in this work. The number of labeled road geometry and the number of pre-de�ned
categories for each task are listed. We regard the road width prediction is a regression task, that we output 1-d scalars in meters.

Split Location # of Images Type Median # of Lanes Directionality Speed Limit Width
(6) (3) (8) (2) (14) (1)

Train
San Diego 2,869 116,852 116,546 116,557 116,852 39,333 116,546
Las Vegas 876 62,598 13,417 2,575 13,441 5,053 13,417
Chicago 3,215 247,328 50,993 9,076 51,341 16,838 50,993

Test
Seattle 524 4,410 4,393 4,399 4,410 3,776 4,393
Phoenix 746 18,932 18,932 18,932 18,932 2,423 18,932
Miami 1,526 13,137 13,137 13,137 13,137 645 13,137

where F1, F2, ..., F= are the loss weights for individual tasks. L8
is the loss for each task, which can be either the cross-entropy
loss for classi�cation or the Huber loss for regression in this work.
We usually perform prediction using the feature concatenation of
adjacent key points for the classi�cation of each road section (e.g.,
� 3,� 4,�⌫, 1 2 in Figure 4). Those tasks may need signi�cantly
di�erent loss weights for better overall performance, since the
importance and ease of learning varies across tasks.

To avoid complicated hyperparameter tuning for di�erent task
combinations, we apply an uncertainty-based method [19] to learn
the loss weights automatically and dynamically, which gives us the
�exibility and performance guarantee to add new tasks or remove
existing tasks. Rather than setting �xed weights for individual tasks,
learning dynamic loss weights can help us to balance di�erent tasks
better, and our loss function can be formulated as

L3~=0<82 =
=’
8=1

4�2f8 · L8 + f8 , (3)

where f8 is a learnable parameter for 8�C⌘ task. In particular, f8 is a
real number and initialized as 0 at the beginning of training. They
are updated from back-propagation [25] with all the other model
parameters together.
Regularization using semantic segmentation To enforce the
network to encode more useful intermediate representations, we
learn an additional semantic segmentation branch to output road
and building masks. As discussed in Sec. 3.1, we provide building
outline masks to our networks. Besides, road geometry can also
be converted into binary road masks. As a result, we are able to
learn semantic segmentation from the dense feature maps, which
are shared with our attribute prediction decoder. Finally, the seg-
mentation supervision can a�ect attribute prediction results. In this
way, the network is able to learn more contextual dependencies
and provide more information to determine road attributes. From
our experiments, we observe learning a semantic segmentation as
a regularization helps improve most attributes. In the following,
the loss function to learn our �nal model is

L5 8=0; =
=’
8=1

(4�2f8 · L8 + f8 ) +FB46 · LB46, (4)

whereFB46 is a �xed loss weight during training, and LB46 is the
loss to classify each pixel as building, road, or background.

3.6 Model inference: segment-level prediction
Our model produces tabular outputs of road segment-level predic-
tion, by partitioning aerial images into several small patches. As
mentioned in Sec. 3.1, a road geometry may be partitioned into
several di�erent image patches, therefore, we predict attributes for
input road geometries by running model inference on each patch
and aggregating them. During pre-processing, we record the road
index and average the predictions of all the sections with a same
index as the �nal prediction. Particularly, we also augment the
section prediction by reversing the concatenation order between
adjacent key points, i.e., (%A43 (�,⌫) + %A43 (⌫,�))/2. It will not
increase much time, as we only need to extract the dense feature
for input images one time, which is the majority computation cost
of our model.

4 DATASET PREPARATION
To build the model architecture and train our proposed neural
network, we used the data based on OpenStreetMap (OSM) [3].

In order to reduce the need for hand-annotating data for model
training purposes, we leverage the existing road attributes available
at OSM. Thus, we get the road attributes for road segments from the
US if they are available at OSM (most of those are not completely
available). The primary road attributes we are interested in are road
type, road median, number of lanes, road directionality, and speed
limit. More speci�cally, we use road types in 6 categories including
residential, primary, secondary, tertiary, service, footway. For road
median, we have 3 categories, i.e. no median, legal median, and
physical median. The lane numbers can be 1 ⇠ 8. The directionality
may be one-way or two-way. The speed limit can be from 5mph
to 70mph, with a step of 5mph. Finally, we treat the road width
prediction as a regression task, in that we aim to estimate each road
in meters.

As OSM provides road type for most road geometries, we have
the largest number of labeled data for road types, while other at-
tributes have fewer labeled data. In order to increase the coverage of
other attributes, we also annotate some road segments by observing
street view images and aerial images. In particular, we collect all
the annotations for road median since their completeness is critical
and OSM has a very little coverage over these.

Table 1 lists the statistics in terms of availability of labels and
the split used in this paper, that we train our attribute prediction
model for US. The training data is collected from 3 cities: San Diego,
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Table 2: Comparison performance of the proposed model against popular methods in our US dataset. The best and second-best
performance are highlighted with the bold and underline fonts, respectively.

Location Method Type Median # of Lanes Directionality Speed Limit Road Width
(%, ") (%, ") (%, ") (%, ") (%, ") (<?⌘, #) (<4C4AB, #)

Seattle

ResNet-50 [11] 6.5 85.1 92.1 94.4 26.9 5.05 1.88
Swin-B [23] 9.6 87.5 93.5 94.4 21.1 6.45 1.77
RoadTagger [12] 65.4 83.5 88.5 90.2 26.5 5.09 1.85
Ours (ResNet-34) 78.6 86.5 92.7 94.6 27.6 4.94 1.71

Phoenix

ResNet-50 [11] 80.3 91.5 93.4 93.8 66.1 2.75 2.79
Swin-B [23] 81.3 94.0 94.5 95.1 68.2 2.74 1.99
RoadTagger [12] 77.8 85.2 90.8 91.0 38.8 5.88 2.36
Ours (ResNet-34) 81.5 93.3 92.8 95.4 66.7 2.73 1.51

Miami

ResNet-50 [11] 76.0 81.8 96.5 95.2 17.0 7.97 2.65
Swin-B [23] 77.5 84.1 97.3 95.5 25.4 7.51 2.84
RoadTagger [12] 69.5 79.9 91.4 90.4 19.5 7.72 2.43
Ours (ResNet-34) 79.2 83.6 96.0 95.7 26.5 6.17 1.60

Las Vegas, and Chicago. We test our model on Seattle, Phoenix, and
Miami.

As mentioned in Sec. 3.1, we apply cropped aerial images at size
of 2048⇥ 2048, where the numbers of images for individual regions
are also presented in Table 1. Last, we construct the GPS raster
images in our work, which are aligned with aerial images and also
at size of 2048 ⇥ 2048. For the image patches without any GPS data
points, we create empty GPS raster images with a value of 0.

5 EXPERIMENTAL RESULTS
We depict the experimental results of our approach and provide
the discussion in this section. We �rst conduct experiments using
our collected dataset and split for the attributes listed in Table 1.
We highlight that our approach predicts multiple road attributes
with only one network. Besides, we also follow [31] to conduct
experiments on Singapore using satellite images from DigitalGlobe.

5.1 Implementation details
We implement our multi-task deep neural network using PyTorch
and PyG packages. We use 8 Tesla V100 GPU cards to train our
model. The batch size on each GPU is 1, and we synchronize the
distribution of normalization layers in the network. Therefore, it is
equal to train the network with batch size 8. To build our model,
we apply ImageNet-1K pretrained ResNet-34 [11] to create our
encoder, and set 5 GNN blocks to build the decoder for message
passing, where each block consists of a GraphSAGE operation [10],
a normalization (LayerNorm) layer, and a ReLU layer. We apply
AdamW optimizer to train our models with betas (0.9, 0.999). For
the decoders, we set the learning rate as 10⇥ compared with the
encoder. At the end, we train our models for our collected dataset
in US and Singapore dataset with 100,000 and 30,000 iterations
respectively. We apply data augmentation to train our model, in-
cluding vertical/horizontal �ipping, and random image distortions
in brightness, contrast, and saturation.
Comparison methods & evaluation protocol To demonstrate
the e�ectiveness of our method, we set up several baselines and

show comparisons with previous work [31, 12]. We train single-task
image classi�cation models as our baselines using di�erent popular
network backbones based on ImageNet-1K pretrained representa-
tion, including ResNet-50 [11] and Swin Transformer (Swin-B) [23].

Regarding the evaluation protocol, we report the segment-level
classi�cation accuracy over all the road segments with GT, i.e.,
022 = # > 5 2>AA42C ?A4382C8>=

# > 5 A>03 B46<4=CB , for road type, road median, number
of lanes, road directionality, speed limit. For speed limit, we report
the mean absolute errors (MAE) in mph, as this error complements
to classi�cation accuracy. Last, we also report the MAE in meters
for road width prediction, as road width prediction is a regression
task.

5.2 Results
Results on aerial imagery from US In Table 2, we show our
experimental results on multi-task attribute prediction for our col-
lected dataset and compare with other models in Table 2, where
evaluation is conducted on three areas from Seattle, Phoenix, and
Miami. For comparison methods [11, 23, 12], we train separate mod-
els for individual tasks with public source codes, that they treat
attribute prediction as an image classi�cation problem. For ResNet-
50, it is a stronger backbone from the same model family as ours
(i.e., ResNet-34). For Swin-B, it is a state-of-the-art network from
the popular Vision Transformer (ViT) family, which �gures out the
cutting-edge image classi�cation performance. For RoadTagger, it is
similar to our method in terms of the utilization of CNN and GNN,
but their model is trained under image classi�cation framework
with more resource costs and less context modeling capability. To
have a fair comparison, we apply the image patches at 224⇥224 and
align the key points used in our model as the image centers. Eventu-
ally, the number of training images is much larger than the number
of road segments. As a result, we use ⇠1.5 million image/GPS pairs
to train separate image classi�cation models for each attribute.

From this table, we observe that our model outperforms other
methods in all the locations, which clearly demonstrate the e�ec-
tiveness of our approach based on dense feature extraction and
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Figure 6: Confusion matrices of our Image+GPS model for Singapore. We report the mean and the stand deviation (both in %) of
5 runs, at the top and bottom rows.

Table 3: Comparison results with previous multi-modal road
attribute prediction method [31] on Singapore. The best and
second-best performance are highlighted with the bold and
underline fonts respectively.

Method Image GPS Type # of One/Two Speed
Lanes Way Limit

X 69.42 64.30 77.78 73.74
[31] X 70.75 68.65 82.97 80.84

X X 79.04 71.32 85.46 82.42

X 87.93 84.20 98.19 89.27
Ours X 93.51 86.45 98.14 93.24

X X 93.73 87.27 98.20 93.42

sampling on key points. Modeling wide contexts, our model is able
to predict various attributes at more than 90% accuracy, except
for speed limit. We observe the speed limit accuracies for Seattle
and Miami are less than 30%. To explain this, we believe the data
distribution gap between training areas (i.e., San Diego, Las Vegas,
Chicago) and Miami might be very di�erent. In contrast, looking at
the speed limit performance in Phoenix, we can see⇠65% is reached,
where a possible reason is that the landform similarity between
Phoenix and Las Vegas. In addition to classi�cation accuracy, we
can observe that the MAEs are 4.94mph, 2.73mph, and 6.17mph
for the three testing areas. We would like to emphasize that the
minimum di�erence in speed limit is 5mph in our dataset, therefore,
the prediction still shows some reasonable and promising results,
as the MAEs on Seattle and Phoenix are less than 5mph.

Comparing our model with other methods, we can observe the
proposed model achieves the best results for most attributes among
the all, even though our model leverages a smaller backbone and
does a more complex task to predict multiple attributes, which
clearly show the e�ectiveness of our framework based on road sec-
tion prediction and key point-level feature extraction. Furthermore,

we highlight the following observations. (1) Our model is more
stable to all the attributes. For example, ResNet-50 and Swin-B fails
to recognize road type in Seattle, even they also obtain competing
results in another two stations. We interpret this as a necessity of
wider context modeling. Only focusing on local patches may degen-
erate during inference time. In contrast, wider context can provide
richer information for more robust and precise prediction. (2) For
the attributes that images can provide strong clues, image classi�-
cation solution can also reach to state-of-the-art performance, even
though road structures and contextual information are ignored. For
example, we observe ResNet-50 and Swin-B achieves very high ac-
curacy in road median and the number of lanes. Besides, they even
reach higher performance than our model in those two attributes
and Swin-B achieve the best results in road median and lane number
prediction. These results demonstrate a stronger network backbone
for visual inference is quite important, as we learned from the past
research. On the contrary, our framework is still comparative and
a little better than ResNet-50 by summarizing the road median and
lane number accuracies in the three areas. (3) Our model achieves
much better results than others in speed limit and road width, in
spite of the multi-attributes capability from our model, that we
conclude our method as a highly e�cient and e�ective framework.
Results on satellite imagery from Singapore We show the
results using DigitalGlobe satellite imagery and GPS in Table 3. For
a comprehensive analysis, we train several versions using di�erent
inputs of satellite imagery, GPS rasters, and their combination.
Following [31], we conduct road attribute prediction on Singapore,
including road type, number of lanes, road directionality (i.e., one-
way or two-way), and speed limit. We apply the same label space
to [31], and train our multi-task model, which produces all the
attributes with only one network. We query the OSM in the version
of 210412 with a similar number of road segments to [31], which
was published in 2021, and randomly partition into training and
testing set with the 80%/20% split. Because the split used in [31] is
not public, we generate 5 random splits to train our models, where
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Table 4: Ablation study w.r.t regularization (+R), dynamic weighting loss (+D), and graph neural networks (+G). The best and
second-best performance are highlighted with the bold and underline fonts respectively.

Location +R +D +G Type Median # of Lanes Directionality Speed Limit Road Width
(%, ") (%, ") (%, ") (%, ") (%, ") (<?⌘, #) (<4C4AB, #)

Seattle

79.8 85.9 92.5 94.0 25.2 5.18 1.79
X 77.7 85.7 92.6 94.2 25.9 5.09 1.73
X X 78.5 85.9 92.7 94.3 26.1 5.00 1.73

X 78.2 86.6 92.3 94.0 25.2 5.20 1.77
X X 78.7 86.8 92.4 94.2 26.6 5.07 1.73
X X X 78.6 86.5 92.7 94.6 27.6 4.94 1.71

Phoenix

81.4 93.0 92.8 95.1 62.7 4.69 1.65
X 81.6 93.1 92.7 95.4 65.7 3.04 1.59
X X 81.5 93.1 92.7 95.4 65.5 2.98 1.58

X 81.4 92.9 92.8 95.3 65.9 2.90 1.51
X X 81.9 92.9 92.5 95.3 66.6 2.72 1.52
X X X 81.5 93.3 92.8 95.4 66.7 2.73 1.51

Miami

78.5 82.5 95.8 95.7 15.8 12.14 1.85
X 78.5 82.8 95.8 95.5 26.5 6.81 1.68
X X 78.8 83.0 95.8 95.6 27.4 6.14 1.65

X 78.1 82.4 96.0 95.6 20.5 6.35 1.63
X X 79.0 82.7 96.0 95.6 23.3 6.25 1.59
X X X 79.2 83.6 96.0 95.7 26.5 6.17 1.60

we report the average performance in 3. In particular, we do not
apply the semantic segmentation regularization in the Singapore
experiments, to have a fair comparison with previous work. We
train three model variants with di�erent inputs, including image-
only model, GPS-only model, and image+GPS model.

In Table 3, we observe the proposed method achieves signi�-
cantly better accuracy compared with [31] with all kinds of inputs.
Speci�cally, our worst version, image-based model, is already much
better than [31] using image+GPS inputs. Our performance for road
type, directionality, and speed limit can reach to 90%+ accuracy.
Besides, our accuracies of three models for number of lanes are also
higher than 80%, which comparison method only achieves 64.30%,
68.65%, and 71.32% accuracy. Finally, we also report the confusion
matrices for individual tasks in Figure 6. In this �gure, we show
the average accuracy and standard deviation from all 5 runs. From
the standard deviations, we observe the performances for most
categories are quite stable, even though the splits are randomly gen-
erated. The uncertainty of our model performance mainly comes
from the rare classes, for example footway in road type, 6 lanes in
number of lanes, and 80 km/h in speed limit, which is a high speed
situation. At the end, we conclude the e�ectiveness of the proposed
method, in obtaining strong attribute prediction performance, even
though the e�ciency is a contribution of our work.

5.3 Discussion
To understand the impact of di�erent components of our model, we
disable di�erent components of the proposed model, and discuss
ablation studies. Speci�cally, we remove the regularization branch
of road and building masks, dynamic weighting loss in combin-
ing multiple tasks, and GNN blocks for message passing over key

points on a road graph. For replacing GNN, we directly learn a lin-
ear projection layer to predict attributes. Table 4 compares all the
combinations. Overall, we observe all the models achieves decent
performance in most road attributes, which shows the e�ectiveness
of our framework that leverage a large area and learn the relations
between all the road segments. Besides, our �nal model achieves
the most stable performance in all the attributes. Even though it is
not always the best, the �nal model only performs slightly worse
than the best case and is more balanced than our other versions.
For example, our vanilla version achieves 79.8% accuracy in road
type, but its performance of speed limit and road width is the worst
among the all.

Regarding our ablation study, we would like to highlight several
observations and insights. (1) GNN blocks help to propagate the
information through the key points in a road graph, which shows
improved results, especially for road median and road width. By
leveraging neighboring road context, all the versions with GNN in
those two attributes are better than their counterparts. For exam-
ple, in Phoenix and Miami, the prediction errors of road width are
clearly reduced. (2) Segmentation regularization with building/road
masks bene�ts speed limit and road width. By learning image-level
context with the regularization, speed limit and road width are al-
ways improved, which demonstrates the correlation between road
attributes and surrounding environment. In particular, we can see
that the baseline speed limit errors in Miami is 12.14<?⌘, while it
is reduced to 6.81 after applying the regularization. (3) Dynamic
weighting loss is also helpful to achieve more stable overall per-
formance. Especially, it provides a simple hyperparameter tuning
strategy. We draw the learned loss weights of our �nal model in
Figure 7. From this �gure, we observe we need a larger weight
for road directionality than other attributes. In contrast, the loss
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Figure 7: Learned dynamic weights for balancing di�erent
road attributes on our dataset.

weight for road width is supposed to be very small. Interestingly,
a small weight for road width even leads to higher performance
in predicting road width, which is opposite to the intuition. Those
results clearly show the usefulness of our model and design.

6 CONCLUSION
We present a novel road attribute learning framework that utilizes
multi-task deep learning to construct and enrich digital maps. Our
proposed model combines the power of convolutional neural net-
works and graph neural networks, leveraging satellite imagery and
GPS data as input for analyzing road structures. We point out sev-
eral key insights in this work. Our approach enables simultaneous
generation of multiple road attributes for all road segments within
a given area. This not only improves e�ciency but also captures
the interdependencies among di�erent road segments and their
attributes, leading to better performance than single prediction.
Besides, we show contextual information needs to take enough
consideration for this task, that we observe building information
can help to improve some attributes, like speed limit, indicating
the correlation between road attributes and surrounding environ-
ments. At the end, the proposed model e�ectively handles both
classi�cation and regression tasks, allowing us to predict 6 road
attributes, including road type, road median, number of lanes, road
directionality, speed limit, and road width. Through thorough com-
parison and extensive ablation studies, we demonstrate substantial
advancements over previous state-of-the-art methods and numer-
ous baselines. We believe our proposed method is highly deployable
and capable of enhancing digital map quality at a large scale, owing
to its exceptional e�ciency and e�ectiveness.
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