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Abstract

We propose a method to leapfrog pixel-wise, semantic
segmentation of (aerial) images and predict objects in a
vector representation directly. PolyMapper predicts maps
of cities from aerial images as collections of polygons with
a learnable framework. Instead of the usual multi-step pro-
cedure of semantic segmentation, shape improvement, con-
version to polygons, and polygon refinement, our approach
learns mappings with a single network architecture and di-
rectly outputs maps. We demonstrate that our method is ca-
pable of drawing polygons of buildings and road networks
that very closely approximate the structure of existing on-
line maps such as OpenStreetMap, and it does so in a fully
automated manner. Validation on existing and novel large
scale data sets of several cities show that our approach
achieves good levels of performance.

1. Introduction

A fundamental research task in computer vision is
pixel-accurate semantic image segmentation, where steady
progress has been measured with benchmark challenges
such as [24, 11, 10]. However, current pixel-wise label-
ing methods are rather inflexible in that they typically take
a pixel image as input and assign a label to each pixel de-
scribing what category it does belong to, thus yielding a
(labeled) image as output. Our interest in this paper is in
developing a more flexible method that, from an input im-
age, produces a graph representation that directly describes
geometric objects using a vector data structure. Motivated
by the success of recent works [9, 7, 5, 1], we avoid explicit
pixel-wise labeling altogether, but instead directly predict
polygons from images in an end-to-end learnable approach.

Our research is motivated by the insight that for many
applications, semantic segmentation is just an intermedi-
ate step of a more comprehensive work-flow that aims at
a higher-level, abstract, vectorized representation of the im-
age content. A good example is automated map generation
from aerial imagery where existing research has mostly fo-
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Figure 1: PolyMapper result for Sunnyvale overlaid on top
of the original aerial imagery. Buildings and roads are di-
rectly predicted as polygons using the PolyMapper network
architecture. See additional results in Fig. 6.

cused on aerial image segmentation such as [8, 43, 45, 27,
18, 46, 26]. We make this application our core scenario be-
cause we have access to virtually unlimited data from Open-
StreetMap [15, 14, 13] (OSM) and high-resolution RGB
orthophotos from Google Maps. Usually, a full mapping
pipeline consists of pre-processing the raw aerial imagery
(e.g., bundle block adjustment, orthorectification, etc.), con-
verting the orthophoto to a semantically meaningful raster
map (i.e., semantic segmentation), followed by further pro-
cessing like object shape refinement, vectorization, and map
generalization techniques. Here, we turn this multi-step
workflow into a unified, end-to-end learnable deep learning
architecture, PolyMapper, which outputs maps of buildings
and roads directly, given aerial imagery as input.

Our method is inspired by the recent success of the
sequential PolygonRNN [7] and PolygonRNN++ [1] ap-
proaches. However, instead of a semi-automated approach
where a human annotator provides bounding boxes and
segments objects manually, we propose a fully automated
workflow without any human intervention by adopting a
feature pyramid network (FPN) [23, 16]. Object detection,
instance segmentation, and vectorization are thus accom-
plished within a single, end-to-end learnable approach that
relies on modern CNNs architectures and RNNs with con-
volutional long-short term memory [40] (ConvLSTM) mod-



ules. The CNN part takes as input a city tile and extracts
keypoints and edge evidence of building footprints and
roads, which are fed sequentially to the ConvLSTM [40]
modules. The latter produces a vector representation for
each object in a given tile. Finally, the roads from different
tiles are connected and combined with the buildings to form
a complete city map. A PolyMapper result for Sunnyvale is
shown in Fig. 1, while the results of Boston and Chicago
are illustrated in Fig. 6.

We validate our approach for the automated mapping of
road networks and building footprints on a new PolyMap-
per dataset as well as on existing datasets. Our results
are on par with the state-of-the-art instance segmentation
methods [ 16, 25], and recent research that proposes custom-
tailored approaches for only one of the tasks, road network
prediction [29, 4] or building footprint extraction [34]. Our
unified approach has the significant advantage that it gen-
eralizes to both, building and road delineation, and it could
potentially be extended to other objects.

2. Related work

Building segmentation from overhead data has been a
core research interest for decades and discussing all works
is beyond the scope of this paper [17, 30, 18]. Before the
comeback of deep learning, building footprints were of-
ten delineated with multi-step, bottom-up approaches and
a combination of multi-spectral overhead imagery and air-
borne LiDAR (e.g., [41, 2]). A modern approach is [6] that
applies a fully convolutional neural network to combine ev-
idence from optical overhead imagery and a digital surface
model to jointly reason about building footprints. Today,
most building footprint delineation from a single image is
often approached via semantic segmentation as part of a
broader multi-class task and many works exist, for exam-
ple, [36, 21, 27, 46, 18, 26]. Microsoft recently extracted
all buildings footprints in the US from aerial images by,
first, running semantic segmentation with a CNN and sec-
ond, refining footprints with a heuristic polygonization ap-
proach!. A current benchmark challenge that aims at ex-
tracting building footprints is [34], which we use to evaluate
performance of our approach. Another large-scale dataset
that includes both, building footprints and road networks is
SpaceNet [44]. All processing takes place in the amazon
cloud on satellite images of lower resolution than our aerial
images in this paper.

Road network extraction in images goes back to (at
least) [3], where road pixels were identified using several
image processing operations at a local scale. Shortly after-
wards [12] was probably the first work to explicitly incor-

'We are not aware of any scientific publication of this work and
thus refer the reader to the corresponding github website that describes
the workflow and shares data: https://github.com/Microsoft/
USBuildingFootprints.

porate topology, by searching for long 1-dimensional struc-
tures. One of the most sophisticated methods of the pre-
deep learning era was introduced in [42, 20], who center
their approach on marked point processes (MPP) that allows
them to include elaborate priors on the connectivity and in-
tersection geometry of roads. To the best of our knowledge,
the first (non-convolutional) deep learning approach to road
network extraction was proposed by [31, 32]. The authors
train deep belief network to detect image patches contain-
ing roads and second network repairs small network gaps at
large scale. [47] propose to model longevity and connectiv-
ity of road networks with a higher-order CRF, which is ex-
tended in [48] to sampling more flexible, road-like higher-
order cliques through collections of shortest paths, and to
also model buildings with higher-order cliques in [35]. [28]
combine OSM and aerial images to augment maps with ad-
ditional information like the road width using a MRF for-
mulation, which scales to large regions and achieves good
results at several locations world-wide.

Two recent works apply deep learning to road center-line
extraction in aerial images. DeepRoadMapper [29] intro-
duces a hierarchical processing pipeline that first segments
roads with CNNs, encodes end points of street segments
as vertices in a graph connected with edges, thins output
segments to road center-lines and repairs gaps with an aug-
mented road graph. RoadTracer [4] uses an iterative search
process guided by a CNN-based decision function to derive
the road network graph directly from the output of the CNN.
To the best of our knowledge, [4] is the only work, yet, that
completely eliminates the intermediate, explicit pixel-wise
image labeling step and outputs road center-lines directly
like our method.

Direct polygon prediction in images is a relatively new
research direction. We are aware of only five works that
move away from pixel-wise labeling and directly predict
2D polygons [9, 7, 4, 5, 1]. Interestingly, [9, 5] apply an
unsupervised strategy without making use of deep learning
and achieve good results for super-pixel polygons [9] and
polygonal object segmentation [5]. [7] design an end-to-
end learnable workflow that consists of an RNN intertwined
with a CNN, which generates a polygon outlining the tar-
get object within a user-defined bounding box. The CNN
part learns image evidence, such as keypoints and connect-
ing edges, which are connected sequentially by the RNN to
come up with a closed object polygon. A recent extension
of this work [!] increases the output resolution by adding
a graph neural network [39, 22] (GNN). This approach as
well as the original work of [7] - still relies on user input to
provide an initial bounding box around the object of inter-
est, or to correct a predicted vertex of the polygon if needed.
Our aim is to instead develop a fully automated approach to
detect multiple objects in a given image.
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Figure 2: Workflow of our method for buildings (top) and road topology (bottom). The only difference between these two
pipelines is that the top one for buildings has an additional feature pyramid network (FPN) for object detection to generate

bounding boxes containing individual buildings.

3. Method

We introduce a new, generic approach for extracting ar-
bitrary objects in aerial images using polygons. We first
discuss the use of polygon representations to describe such
objects and then turn our discussion to the specific cases of
buildings and roads.

3.1. Polygon Representation

We represent objects as polygons. As in [7, 1], we rely
on a CNN to find keypoints based on image evidence, which
are then connected sequentially by an RNN. A fundamental
difference of PolyMapper is that it runs fully automatically
without any human intervention in contrast to [7, 1], which
were originally designed for speeding up manual object an-
notation. [7, 1] requires a user to first draw a bounding box
that contains the target object and potentially provide addi-
tional manual intervention (e.g., drag/add/delete some key-
points) if the object is not correctly delineated.

We refrain from any manual intervention altogether and
propose a fully automated workflow. What makes formu-
lating a concise solution hard for both, buildings and road
networks are their different shape properties. Buildings are
closed shapes of limited extent in the image while road net-
works span across entire scenes and are best described with
a general graph topology. We thus have to resort to differ-
ent keypoint connecting strategies to handle buildings and
roads with the same architecture as shown in Fig. 2.

3.2. Buildings

Although a building can be directly described as a poly-
gon, as mentioned above, Polygon-RNN [7, 1] is only ap-
plicable when the bounding box containing the object is
given. Thus, it can not extract multiple buildings in an im-
age. As illustrated in Fig. 2 (top), we add bounding box
detection to partition the image into individual building in-
stances, which allows to compute separate polygons for all

buildings. To this end, we add a Feature Pyramid Network
(FPN) [23] to our workflow. The FPN further enhances the
performance of the original region proposal network (RPN)
used by Faster R-CNN [38] by exploiting the multi-scale,
pyramidal hierarchy of CNNs and resulting in a set of so-
called feature pyramids. Once images with individual build-
ings have been generated, the rest of the pipeline follows the
generic procedure described in Section 3.4.

3.3. Roads

The topology of roads is a general graph instead of a
polygon, and the vertices of this graph are not necessarily
connected in a sequential manner. In order to reformulate
road topology as a polygon, we follow the principle of a
maze solving algorithm, the wall follower, which is also
known as the left-hand rule or the right-hand rule (Fig. 3).
If a maze is simply connected, then by keeping one hand in
contact with one wall of the maze, the algorithm is guaran-
teed to reach an exit.
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Figure 3: Maze wall follower approach to road poly-

gon generation: (a) aerial view of a T-junction, (b)
wall follower sequence, (c) resulting “empty” polygon (
1-52—3—22—4—2—1).

The road topology in a small part of a city (Fig. 3a) can
be viewed as a simply connected maze. Suppose we are en-
tering this region from a road entrance at the edge of the
image and we always travel in accordance with the follow-
ing rules: (1) always walk on the right side of the road;



(2) turn right when encountering an intersection; (3) turn
around if encountering a dead end or another road entrance
which lies at the edge of the image. Following this rule-set,
we will finally arrive back at the starting point after com-
pleting a full cycle (Fig. 3b). We only have to connect all
keypoints on the way (i.e., intersections, dead ends and en-
trances/exits) in the order of traveling and we end up with
an "empty” polygon (i.e., a polygon with zero area) most of
the time (Fig. 3¢). In this way, the vertices that are originally
not sequential in the road graph become ordered (typically
anti-clockwise).

With an increasing patch size or denser road networks,
multiple polygons can exist as shown in Fig. 4. Following
the rule-set, the empty polygon assumption does no longer
hold. Instead, we obtain a unique outer polygon with anti-
clockwise ordering and (at least one) inner polygon(s) with
clockwise ordering. Still, the order of the keypoint se-
quence of each polygon is uniquely determined (Fig. 4) and
thus can be used for training the RNN.

Figure 4: Road polygon extraction for a larger patch leading
to one outer anti-clockwise polygon (orange) and two inner
clockwise polygons (blue and green).

3.4. Pipeline

CNN for Buildings For each input image, we first use
a VGG-16 without tail layers like [7] to extract a set of
skip features [37] with % the size of the input image (Fig. 2
(top)). Meanwhile, the FPN also takes features from dif-
ferent layers of VGG-16 to construct a feature pyramid to
output several bounding boxes. With these two steps to-
gether, followed by RolAlign [16], the local skip features
F' can be then obtained. We apply convolutional layers to
the feature in order to generate a heat-map mask of build-
ing boundaries B that delineate the object of interest. This
is followed by additional convolutional layers outputting a
mask of candidate keypoints, denoted by V. Both B and V'
have a size equal to % the size of the input image. Among
all candidate keypoints, we select the one with the highest
score in V' as starting point yo (same as y_1).

CNN for Roads As illustrated in Fig. 2 (bottom), the
main procedure of road network extraction is identical to
the case of buildings. We only adapt Rol definition and
vertex selection to the road case. While building Rols are

sampled within an image patch (Fig. 2 (top)), a road Rol
corresponds to the entire image patch. Naturally, the gen-
erated heatmap B refers to the roads’ centerlines instead of
building boundaries. Vertex selection is adapted to the road
topology by selecting start point candidates at image edges
and choosing the one with the highest score as starting point
Yo (same as y_1) to predict the unique outer polygon. Note
that each edge of the outer polygon should be passed twice
(one forward, one backward) unless the edge is shared with
an inner polygon. Thus, after the outer polygon is predicted,
we choose two vertices of an edge that is passed only once
as y_1 and yo (in reverse direction) to further predict a po-
tential inner polygon.

RNN As illustrated in Fig. 5, the RNN outputs y;’s po-
tential location P(ysy1|yt, yt—1,Yo0) at each step . We in-
put both, ¥, and y;_; to compute the conditional probability
distribution of ¥, because it allows defining a unique di-
rection. If given two neighboring vertices with an order in
a polygon, the next vertex in this polygon is uniquely de-
termined. Note that the distribution also involves the end
signal <eos>, which indicates that the polygon reaches a
closed shape. The final, end vertex in a polygon thus corre-
sponds to the very first, starting vertex 3o, which therefore
has to be included at each step.

In practice, we ultimately concatenate F', B, V, yq (also
y—1 for inner polygon prediction) and feed the resulting
tensor to a multi-layer RNN with ConvLSTM cells in or-
der to sequentially predict the vertices that will delineate
the object of interest, until it predicts the <eos> (end of
sequence) symbol. For buildings, we simply connect all
sequentially predicted vertices to obtain the final building
polygon. In the case of roads, the predicted polygon(s)
themselves are not needed directly but rather used as a set
of edges between vertices. We thus use all these individual
line segments that make up the polygon(s) for further pro-
cessing. Each of the predicted segments e is associated with
a score s, calculated as s = fol B(e(u))du € [0, 1], where
B is the heatmap of centerlines, e(u) = ue; + (1 — u)es,
e and e are the two extremities of e. We remove segments
with low scores (we used 0.7 in our experiments which was
found to yield good results) and connect the remaining seg-
ments to form the entire graph.

3.5. Implementation Details

For model parameters, we follow [7] using size 28 x 28
for all F, B, V, y,, but increase the number of layers of
RNN to 3 (buildings) and 4 (roads). The maximum length
of a sequence when training is set to be 30 for both cases.

The total loss of the building pipeline is a combined loss
from the FPN, CNN and RNN parts. The FPN loss con-
sists of a cross-entropy loss for anchor classification and a
smooth L1 loss for anchor regression. The CNN loss refers
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the current vertex y; and previous vertex y;_1 as input, as well as the first vertex yg, and outputs a conditional probability
distribution P(ys+1|ys, ¥¢—1,yo). When the polygon reaches its starting keypoint and becomes a closed shape, the end signal
<eos> is raised. Note that the RNN also takes features generated by the CNN component (Fig. 2) as input at each time step.

to the log loss for the mask of boundary and vertices, and
the RNN loss is the cross-entropy loss for the multi-class
classification at each time step. As for the road pipeline, the
loss remains the same but the FPN is excluded.

For training, we use the Adam [19] optimizer with batch
size 4 for both roads and buildings and an initial learning
rate of le~%, as well as 31 = 0.9, B = 0.999. We trained
our model on 4 GPUs for a day for buildings and 12 hours
for roads. During training we force the order of building
polygons and the outer road polygons to be anti-clockwise,
while the order of inner road polygons must be clockwise.

In the inference phase, similar to [ 1] we use beam search
with a width w (w = 5 in our experiments). For building,
we select top w vertices with highest probability in V' as the
starting vertices, then followed by a general beam search
procedure. Among the w polygon candidates, we choose
the one with the highest probability as the output. Similarly,
for road, we select vertices at the edge of the image and then
choose top w with the highest score as the starting point and
follows the general beam search algorithm. After the outer
polygon is predicted, we can further predict potential inner
polygon(s) as mentioned in Section 3.4.

4. Experiments

We are not aware of any publicly available dataset that
contains labeled building footprints and road networks to-
gether with aerial images at large scale and thus create our
own dataset’. This new dataset contains building footprints

2Note that the only dataset that contains both, building footprints and
road centerlines is SpaceNet [44], which runs on the Amazon Cloud and
uses satellite images of lower resolution than our aerial images. In ad-
dition, we are not aware of any scientific publication of a state-of-the-art
approach that uses it.

and road networks from OSM [ 15, 14, 13] and Google Maps
aerial images of three US cities, namely Boston, Chicago,
and Sunnyvale. [I8] find that the lower labeling accuracy of
OSM maps (i.e., slight mismatches to Google Maps aerial
imagery especially at object boundaries) can be compen-
sated to a large part by using massive amounts of train-
ing data, which encourages us to generate an OSM/Google
Maps aerial imagery dataset. In total, this new dataset
contains 300,000 training images and 15,000 test images,
100,000 per city (Boston, Sunnyvale, Chicago) for training,
and 5,000 for testing. Each image patch is of size 300 x 300
pixels and shows zoom level 19 in Google Maps. In order
to compare our results to the state-of-the-art, we resort to
evaluating building footprint extraction and road network
delineation separately on different datasets, crowdAl [33]
and RoadTracer [4].

4.1. Evaluation Measures

For building extraction, we report the standard MS
COCO measures including mean of average precision
(mAP, averaged over IoU thresholds), APsy, AP75 and APg,
APy, APL (AP at different scales). To measure the pro-
portion of buildings detected by our approach with respect
to the ground truth, we additionally evaluate average recall
(AR), which is not commonly used in previous works such
as [16, 25]. Both AP and AR are evaluating using mask
IoU. However, we would like to emphasize that in contrast
to output images produced by common methods for build-
ing footprint extraction, our outputs are polygon represen-
tations of building footprints.

Evaluating the quality of road networks in terms of its
topology is a non-trivial problem. [47] propose a connec-
tivity measure SP, which centers on evaluating shortest path



Table 1: Evaluation on the PolyMapper dataset: Buildings

City mAP AP50 AP75 APS APM APL mAR AR50 AR75 ARS ARM ARL
Boston | 21.9 58.8 94 100 279 359 | 31.0 662 245 144 392 539
Chicago | 48.5 858 51.2 38.0 584 403 556 88.0 622 457 657 59.8
Sunnyvale | 45.7 762 50.1 17.5 549 325 542 818 610 259 633 573
Table 2: Evaluation on the PolyMapper dataset: Roads

City | SPo 59 SPiig% | APgs  APgg  APgs | ARgs ARgg ARgs

Boston 59.6 80.0 | 88.0 81.2 61.3 87.8 80.7 59.1

Chicago 89.8 95,5 | 984 960 90.1 98.5 96.0 88.5

Sunnyvale 69.1 80.3 | 90.8 822 69.8 90.8 82.1 70.2

distances between randomly chosen point pairs in the road
graph. SP generates a large number of pairs of vertices,
computes the shortest path between each two vertices in
both ground truth maps and predicted maps, and outputs
the fraction of pairs where the predicted length is equal (up
to a buffer of 10%) to the ground truth, shorter (erroneous
shortcut) or longer (undetected piece of road).

In addition to SP, we propose a new topology evalua-
tion measure based on the core idea of comparing shortest
paths through graphs [47] and associate it with average pre-
cision (AP) and average recall (AR). This allows an eval-
uation similar to building footprints and compares ground
truth and predicted road graphs in a meaningful way. Sim-
ilar to the definition in [29], we define the similarity score
for the length of two shortest paths, d* and d, in ground
truth and predicted road graphs respectively as a ratio of
minimum and maximum values:

min(d*, d)

IOU(d*7 d) = IOU(d, d*) = m

€0,1. (1

Then, with a given IoU threshold ¢, we can define the
weighted precision and recall as follows,

AP = sa O
7
ARIOU:t _ Z] djl[IOU(d;7 dl]) Z t] (3)
2545 7

where 1[-] is the indicator function, d; and d7, refer to the i-
th shortest path in the inferred map its corresponding short-
est path with index j; in the ground truth graph, similar for
d; and d;;. In comparison to the original SP measure, this
new measure allows estimates of precision and recall simi-
lar to what is done for buildings. The shortest path computa-
tion is expensive and it is unfeasible to compute all possible
paths exhaustively. We thus randomly sample 100 start ver-
tices and sample 1,000 end vertices for each of them. This
yields 100,000 shortest paths in total that we use to compute
AP and AR.
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Figure 6: PolyMapper results for (a) Chicago and (b)
Boston. Results for Sunnyvale are shown in Fig. 1. Roads
are represented as polylines and buildings as polygons.

4.2. Results

We evaluate our approach on the new PolyMapper
dataset of Chicago, Boston, and Sunnyvale. Quantitative re-
sults for buildings are shown in Tab. 1 and for road network
extraction in Tab. 2. We visualize results for a test region
of Sunnyvale in Fig. 1, Chicago in Fig. 6a and Boston in
Fig. 6b. In general, PolyMapper achieves the best results
on Chicago with APsy = 85.8 & AR5y = 88.0 for build-
ings and APgs = 98.4 & ARgs = 98.5 for roads. Also, the
original SP measure is highest for Chicago (SP59, = 89.8
& SPi199, = 95.5). The results on Sunnyvale are close,
while Boston seems a much harder case. All measures
drop to APsy = 58.8 & ARsy = 66.2 for buildings and



Table 3: Buildings extraction results on the crowdAl dataset [33]

Method mAP AP50 AP75 APS APM APL mAR AR50 AR75 ARS ARM ARL

Mask R-CNN[16, 34] | 41.9 675 488 124 58.1 519 | 476 708 555 181 652 633
PANet[25] | 50.7 739 626 19.8 685 658 | 544 745 652 218 73,5 750
PolyMapper | 55.7 86.0 65.1 30.7 685 584 | 621 88.6 714 394 756 754

(a) Mask R-CNN [16, 33]

* (b) PANet [25]

(c) PolyMapper

Figure 7: Building footprint extraction results on 4 example patches of the crowdAl dataset [33] achieved with (a) Mask
R-CNN [16, 33], (b) PANet [25], and (c) PolyMapper. Note that results in (a) and (b) are images labeled per pixel whereas
PolyMapper shows polygons, as well as vertices connected with line segments.

APgs = 88.0 & ARgs = 87.8 for roads. In particular,
SP_ 59 = 59.6 is 30 percent points inferior to the result for
Chicago. Boston seems a much harder case due to its road
network layout that is much less grid-structured in compari-
son to Chicago and Sunnyvale while Boston buildings show
a larger variety of shapes.

4.3. Comparison to State-of-the-art

Buildings We use the crowdAl dataset [33] to validate the
building footprint extraction results and to compare to the
state-of-the-art. This large-scale dataset is split into a train
and a test set. The training set consists of ~ 281,000 im-
ages with ~ 2.4 x 10° annotated building footprints. The
test set contains ~ 60, 000 images with ~ 515,000 build-
ings. Each individual building is annotated in a polygon for-
mat as a sequence of vertices according to MS COCO [24]
standards. For all experiments on this dataset, we train our
model using exactly the same train and test split as compet-
ing methods [34].

We compare the performance of our model on the
crowdAl dataset [33] to state-of-the-art methods Mask R-

CNN [16] and PANet [25]. Results in Tab. 3 show that our
(PolyMapper) outperforms Mask R-CNN in all AP and AR
metrics. PolyMapper outperforms PANet in all AP and AR
metrics except APr, which refers to large buildings. It turns
out that the distribution of buildings into small (S), medium
(M), and large (L) is 37.1%, 60.6%, 2.3%. Since only a
tiny portion (2.3%) of all buildings falls into the large cate-
gory, we view inferior performance (by 7.4 percent points)
for APy, as acceptable. Interestingly, PolyMapper achieves
better building extraction results on crowdAl than on the
PolyMapper dataset. Both, AP and AR improve by ~ 7 per-
cent points over the best results on Chicago. Fig. 7 provides
a qualitative comparison of the predictions of the state-of-
the-art methods and PolyMapper, where we can conclude
that the polygon is a better and more compact representa-
tion for building footprints.

Roads To evaluate the road network extraction we use the
dataset of [4] tailored for the RoadTracer method, which
combines Google Maps imagery with road networks from
OSM. We apply their scripts to download the entire dataset
and train our model using the same train and test split.



Table 4: Road network extraction results on the RoadTracer dataset [4]

Method SP:H.—,% SP:I:lO% AP85 APgO AP95 AR85 ARgO AR95
DeepRoadMapper [29] 11.9 156 | 359 284 19.1 582 457 278
RoadTracer [4] 47.2 618 | 649 566 424 | 853 76,5 56.8
PolyMapper 45.7 61.1 | 655 572 40.7| 842 748 537

s R
(a) DeepRoadMapper[29]

(b) RoadTracer[4]

(c) PolyMapper

Figure 8: Comparison of predicted road network (orange) to ground truth (blue) for subscenes of Amsterdam (top), Los
Angeles (middle) and Pittsburgh (bottom) of the RoadTracer dataset [4].

K| =

(a) Ground Truth (b) RoadTracer [4]
Figure 9: Visual comparison graph structures (vertices blue
and edges orange): (a) ground truth, (b) result of Road-
Tracer [4], (c) PolyMapper.

(c) PolyMapper

An interesting property closer to a realistic application
setting is that training and testing are done on imagery
of different cities. Our results thus indicate to a certain
extent how well an approach generalizes to new scenes.
We compare the results of our method to state-of-the-art
methods DeepRoadMapper[29] and RoadTracer[4]. We di-
rectly take the predicted graphs for both models from [4]
(who re-implemented [29]) and compute evaluation mea-
sures SP, AP and AR as shown in Tab. 4. A visual com-
parison of results overlaid on top of the original images
is shown in Fig. 8 whereas a comparison of the graph
structures is illustrated in Fig. 9. PolyMapper outperforms
DeepRoadMapper[29] in all measures and performs on par

with RoadTracer [4]. We visually compare the PolyMap-
per graph structure to the ground truth and RoadTracer [4]
in Fig. 9. PolyMapper shows a structure close to the
OSM ground truth in terms of its road graph representation
whereas RoadTracer predicts many more vertices.

5. Conclusion

We have proposed a novel, unified approach that directly
outputs polygons with a CNN-RNN architecture. Our em-
pirical results on a variety of datasets demonstrates high-
level of performance for delineating building footprints and
road networks using raw aerial images as input. Overall,
PolyMapper performs better or on par compared to state-
of-the-art methods that are custom-tailored to either build-
ing or road network extraction. A favorable property of
PolyMapper is that it produces graph structures which are
close to the ones of real online maps such as OSM. We view
our framework as a starting point for a new research direc-
tion that directly learns high-level, geometrical shape priors
from raw input data such as images or 3D point clouds to
predict vectorized object representations for the mobile in-
ternet. We expect that incorporating such high-level priors
could further enhance the performance of PolyMapper.
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