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Abstract
Accurate data on parking spaces and their utilization is important for optimizing traffic management
today and will become even more essential in light of upcoming ITS technologies and autonomous
driving. For many cities, however, no comprehensive, standardized and up-to-date database exists. In
this paper, we present a novel processing chain combining state-of-the-art remote sensing methods with
geospatial analysis. Deep neural networks are used for vehicle detection and traffic area segmentation
to identify all types of parking areas and their occupancy on aerial image sequences of the city of
Brunswick in Germany. A discretization method is formulated to estimate parking capacity and a
regression analysis is performed to draw conclusion for areas not covered by aerial imagery. By
comparing the number of stopped vehicles with simulation results from a transport demand model, light
can be shed on parking related traffic.
Keywords:
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Introduction
Parking guidance and information systems, as part of the ITS ecosystem, nowadays mainly involve
information on the capacity and utilization of monitored parking areas and publicly accessible parking
garages. This data is fed into traffic management systems that take steering and control measures
according to the current and, in some cases, expected upcoming traffic situations. However, the parking
spaces considered in that way represent only a fraction of the total parking supply. At the same time,
several aspects are expected to change the demand for parking: most cities suffer from congestion and
a lack of parking spaces in inner regions as car ownership is still on the rise [7, 19]. Even though the
share of people owning cars is constant in large cities such as Berlin and Hamburg, the need for parking
space continues to increase due to a growing number of inhabitants. New mobility services such as car
sharing, electric scooters and demand responsive transport systems are supposed to counteract this, but
at the same time they cause new problems [14, 17, 21].
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Traffic management can be improved significantly if the most complete and up-to-date knowledge of
parking areas and their utilization is available. It is anticipated that an integration in ITS systems will
reduce traffic due to searching for a free parking lot [25]. This data can also enable new smart parking
applications with value-added services like a near real time navigation to empty parking areas and the
booking of parking lots in cities with high parking pressure. In combination with autonomous driving,
on which research is currently being carried out [4, 8], it could become possible for a vehicle to
independently find a parking space in greater distance through a technology called valet parking [18].
This enables municipalities to address all these changes in mobility behaviour and redesign urban areas.
But to do so, the administration and service providers need accurate data on how many parking spaces
are available (especially in the private sector), whether they are occupied, and what additional space is
needed in the form of access ways. Travel demand modelling benefits from this data, as parking is often
considered only in terms of cost; search time is approximated or neglected due to lack of data, even if it
is found to be significant [9].
Currently, there is no standardized and comprehensive database for parking space in German cities: to
the best of our knowledge there is either fine-grained data for only a small portion of the downtown area
[16], or on an aggregated level [3, 22, 23]. These datasets have in common that they were collected once
a few years ago and include only dedicated parking space on public, but not on private property. Areas
with dual use are also not considered: if regular parking spaces are occupied or not available, roadside
areas of moving traffic are taken for parking vehicles. In addition, no data exist on the spatial and
temporal utilization of parking areas. Since it is prohibitively expensive to manually collect data on the
location, capacity and occupation of parking spaces, innovative and large-scale approaches are needed.
Methods
Overview of the modules
This paper links several modules into a processing chain that detects traffic areas, vehicles and their
movement to estimate the observed parking capacity and occupancy. Then, the findings are extrapolated
to new areas and the initial results are compared to the simulated parking demand from the travel model
TAPAS. The workflow is shown in Figure 1 and described in more detail in the following sections.

Figure 1 - Workflow of the different modules in the processing chain.
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Acquisition of aerial imagery
The image acquisition of the city of Brunswick (Germany) is performed with the DLR 3K system [15].
The flights took place on six different days and times at an altitude of about 700 m above ground,
resulting in a resolution of about 9 cm. Due to the repetition rate of 1 Hz, there is an overlap of 80 %
between successive images. Combined with precise GNSS/inertial data at the time of recording and
ground control points, the images are georeferenced and projected onto a digital terrain model. From
this, for example, the ortho mosaic shown in Figure 2 can be calculated. The total coverage is 40 km2
and includes different settings like urban, sub-urban and industrial areas. Existing aerial imagery can
also be used for the initial mapping: digital orthophotos are available for several countries, and can
partially be used free of charge (e. g. 10 cm resolution images for North Rhine-Westphalia, Germany).

Figure 2 - Map overlaid with an ortho mosaic calculated from all images of a flight over Brunswick.

Detection of traffic areas
In order to capture the total parking space, it is not sufficient to detect only dedicated parking areas in
public spaces. It is important to detect other traffic areas that are used by stationary traffic (e. g. curbside
parking) or located on private property. At the same time, parking areas should not be overestimated.
This results in several challenges for the detection of parking areas in aerial imagery:
·

Great variety in surfaces and marking

·

Different layouts (roadside or beside parallel, perpendicular, diagonal to the direction of travel)

·

Utilization by parked vehicles only relevant for dual use areas

·

Consideration of parking prohibitions (specified by traffic regulations or visible on images)

To meet these challenges, a deep neural network is trained on a fine-grained dataset and on publicly
available data from OpenStreetMap (OSM). For the neural network, a fully-convolutional architecture
called Dense-U-Net [12] has been implemented. This architecture is derived from U-Net [20], an
effective network for semantic segmentation tasks widely used in the field of remote sensing. Our
network consists of two consecutive parts: 1) an encoder and 2) a decoder. The aim of the encoder is to
extract all the relevant features from the input data. The decoder on the other hand, takes the features as
input and interprets them as object classes pixel-wise. In order to extract more spatial and semantic
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information from the low-level and high-level layers respectively, several layers of the encoder are
directly connected to the decoder. An illustration of the network architecture is provided in Figure 3.

Figure 3 - Overview of the SkipFuse-Dense-U-Net architecture.

In order to leverage as much information as possible, we use OSM data as a second input source for our
network. Although OSM data is sometimes spatially and semantically inaccurate, it provides a good
baseline for distinguishing roads, access ways and parking lots. Therefore, we extracted 7 traffic-related
object categories and rasterized them. For the fusion of the aerial and OSM data within the network, we
used the fusion technique FuseNet proposed in [10] by adding a second input branch for the OSM data,
which was already proven to be successful [13]. This branch consists of a separate encoder, whose layerwise output features are added to the decoder’s corresponding input features (see Figure 3).
To train and evaluate our parking area segmentation model, we created a new dataset composed of
47 aerial images of size 5616 × 3744 px from the flight campaigns described above. Each image was
manually annotated pixel-wise with four object classes: roads, parking lots, access ways and background.
We iteratively designed a comprehensive labeling policy for the annotators to create an accurate and
consistent ground truth and thorough quality checks were performed to correct any mistake. In deep
learning, a dataset is usually split into three subsets: the training, validation and test sets, each constituted
of pairs of input and ground truth data. The training set is used to teach the model to recognize objects
by running the network over the input images and comparing its outputs with the ground truth using a
loss function. The computed loss is thereafter “back-propagated” through the network to optimize the
model, so that the next iteration makes more accurate predictions. The model’s performance is evaluated
after each training iteration using the validation set. This set is composed of unseen images and allows
us to assess the model’s generalization capacity. We stop the training after 100 iterations and perform
the final evaluation on the test set. This final step ensures that the model generalizes well to images
unseen by both the model and the operator monitoring the training, to avoid overfitting the model.
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Detection of stopped vehicles
To determine the temporal and spatial utilization of parking spaces, it is necessary to detect parked
vehicles and assign them to the respective parking space. In a first step, the detection of vehicles is of
interest, before a filtering takes place in order to distinguish moving from stopped vehicles. Detecting
vehicles in aerial imagery is challenging due to their appearance: different vehicle classes and sizes
against complex backgrounds, different orientations, partial occlusions, and possibly low illumination
require flexible algorithms. To overcome these challenges, we utilize a second deep neural network that
extracts strong and weak semantic features at multiple scales [2]. The network is trained on an annotated
dataset [1]. In addition to localization and segmentation, a determination of the orientation of each
vehicle is also performed.
The separation of moving and stopping vehicles is done by projecting all vehicles from the original
aerial image onto the digital terrain model. In the map space, stopped vehicles overlap due to the
aforementioned acquisition of image sequences. The distinction between moving and stationary vehicles
is made when the position and orientation changes fall below threshold values.
Discretization method for estimating parking capacity
Parking capacity for ground truth data was estimated using two parameters: the area itself and the
configuration of the parking space. Taking the latter into account increases the accuracy by the
calculation, so we differentiated between parallel, perpendicular and diagonal parking (see Table 1). For
each, the total number of parking lots were then calculated dividing the total area by the corresponding
single parking space area. For subsequent comparisons, capacities were aggregated for each traffic
analysis zone (TAZ). To validate this method, clearly marked parking lots for several areas were counted
in the images.
Table 1 - Parking space configurations [5].
Configuration

Parking angle

Width (m)

Length (m)

Area (m2)

parallel

0°

2

6.7

13.4

perpendicular

90°

2.5

4.3

10.75

diagonal

45° - 81°

2.5

4.15 - 4.65 (4.48)

11.2

Discretization method for estimating parking capacity
Due to flight strip restrictions, aerial imagery was limited. To generalize to other TAZ and also other
regions of interest, derived parking data was combined with the OSM road network for a trend analysis.
The result can be used in the future to predict the number of on-street parking spaces available in a study
area based on road type and length.
The OSM road network includes not only roads, but also paths and trails. They are identified by the tag
highway and refined into subcategories. Only drivable roads were analyzed, therefore subsets such as
footway, cycleway and bus_stop were disregarded. Since roads that belong together are usually not
connected in OSM, they were linked by connecting adjacent edges of the same type. The road network

5

◀

SUMMARY

▶

2583

Assimilation of parking space information derived from remote sensing data into a transport
demand model

was cropped to the study area and the length of each road was calculated. The road network was mapped
to the parking areas. A simple assignment of nearest roads to parking areas proved to be problematic, so
a buffer was created around the edge-based OSM network (see Figure 4). The attributes of the road with
the largest overlap were assigned to the parking area. It turns out that about one-third of all detected
parking areas were not mapped to any OSM road.

(a)

(b)

(c)

Figure 4 - Assignment of roads (red) to parking areas (green), where (a) shows the aerial image,
(b) a simple allocation and (c) a road buffer approach.

Analysis of parking capacity, road type and length were performed using a linear regression. Firstly,
parking areas were aggregated by road, including the sum of associated capacities. Given the limited
number of road types, a linear regression analysis was only performed for tags service and residential.
Further, due to several outliers we ran an iterative Random Sample Consensus Algorithm (RANSAC),
less sensitive to outliers.
Short introduction of TAPAS
The microscopic activity-based travel demand model TAPAS (Travel-Activity PAttern Simulation)
[11, 24] was used to compare the information about parking capacity and occupancy gained from remote
sensing. TAPAS was developed at the DLR Institute of Transport Research and is open source [5]. It
simulates the trips of a synthetic population for a usual working day. An activity plan is assigned to each
individual according to their characteristics, which also influence the choice of different travel features
such as mode of transport, travel time and destination. Individuals are also grouped into households
characterized by income and availability of mobility options (cars, bicycles, public transport).
Extracting parked vehicles from TAPAS for given time interval
Parking constraints have not yet been implemented in TAPAS, so that data about parking capacity and
demand have to be extracted from simulation results. A file containing all simulated trips made by
individuals during a day was filtered for cars. To be consistent with the time interval between overflights
we divided start and end time of every trip in 15-minutes time intervals, resulting in a total of 96 for a
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day. A trip starting in a TAZ means this losing one vehicle. Likewise, a trip ending in a TAZ means
gaining a vehicle. The total number of parked vehicles was calculated from the starting value (total
number of cars owned by the households located in the corresponding TAZ) on, subtracting and adding
vehicles for every time interval. We considered the highest number of parked vehicles in a TAZ
throughout all time intervals as the parking capacity. TAPAS include off-street parking spaces, such as
private parking garages, and may thus have larger capacities than the extracted from aerial imagery.
Percentage deviations between capacity of remotely sensed parking spaces and the maximum number
of parked vehicles in TAPAS were calculated for comparison. This can be used to investigate the
existence of a proportional relationship between detected and non-detected parking spaces and
subsequently estimate the total number of parking spaces from aerial imagery.
Results
Traffic area segmentation
The model for the traffic area detection was trained over 100 epochs, with a patch size of 512 × 512 px
and a batch size of 8. For the optimization process, an optimizer called Adam was used in combination
with an exponential learning rate schedule initialized at 10−4 and decayed at a 0.99 rate after each epoch.
While the training and validation of the network was performed on the training and validation sets
respectively, all results shown and discussed in this section are obtained by applying the model to the
unseen test set. Qualitative results for the parking area detection are provided in Figure 5.

(b)

(a)

(c)

Figure 5 - Qualitative results of the traffic area detection, where (a) shows the aerial image, (b) the
predictions of our model and (c) the ground truth containing the classes parking areas (green), roads (red)
and access ways (cyan).
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These results show that the model learned to accurately detect parking areas, roads and access ways in
an unseen scene. Since the main aim is to detect parking areas, a confusion between roads and access
ways is not problematic. For a quantitative analysis and evaluation of the model performance, we
compute the following three metrics (see Table 2): 1) Intersection over Union (IoU), which measures
the accuracy of our network by quantifying the percentage of overlapping pixels between the ground
truth and our predictions, 2) precision, which is highest if the model extracted only correct objects
(i.e. no false positive) and 3) recall, which is highest if the model missed no object (i.e. no false negative).
Table 2 - Quantitative performance of the SkipFuse-Dense-U-Net for the traffic area segmentation.
IoU (%)

Recall (%)

Precision (%)

parking

road

acc. way

parking

road

acc. way

parking

road

acc. way

66.63

76.61

62.38

74.85

85.64

74.34

85.86

87.90

79.50

Vehicle detection
On average, 253,969 vehicles were detected in the original aerial images during each overflight; after
projecting and filtering, an average of 40,989 stopped vehicles remained. A low false positive rate was
also achieved by matching vehicle detections with a building mask. The main errors occur during the
filtering process, e. g. caused by mirrored vehicle orientations, false negative detections in one of the
overlapping images, and occlusions. An example of the vehicle detection results is shown in Figure 6.

(a)

(b)

(c)

Figure 6 - Results of the vehicle detection, where (a) shows the aerial image, (b) all detected vehicles
and (c) in red overlaid all stopped vehicles.

Deriving parking capacity
The manual counts and the parking capacity estimations yielded differences of up to five parking lots.
This is partly due to not considering parking space dimensions beyond three configurations. For example,
parking spaces in industrial areas and for disabled persons tend to be bigger. Parking capacity findings
should be analyzed with caution. First, car ownership data in the TAPAS simulation corresponds to 2008
and is not specific to the city of Brunswick, but rather to middle-sized German cities. Aerial images
were taken in 2019 and 2020 in three different months (April, June and October), whereas the transport
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model reports no seasonal differences. Contrary to expectations, two TAZ, represented in a reddish white
in Figure 7, show larger capacities (5 % and 10 %) for ground truth parking data. Apart from this
discrepancy, the rest of the zones show larger capacities for the transport model. However, no clear trend
was revealed from the differences between both from this analysis.

Figure 7 - Enlarged study area with 25 TAZ in the central part of Brunswick. Negative differences
indicate a larger parking capacity in TAPAS compared to ground truth data.

Therefore, we analyzed the capacities with respect to the area of the TAZ. The results can be seen in
Figure 8. Now a linear relation of the detected parking lots on the x-axis and the modelled results from
TAPAS on the y-axis can be seen. However, there is a group of outliers, which need further investigations
before we can do some regression analysis to model the relation of detected/undetected parking spaces
and modeled demand.

Figure 8 - Relation between parking capacities from TAPAS and ground truth with respect to TAZ area.

9

◀

SUMMARY

▶

2587

Assimilation of parking space information derived from remote sensing data into a transport
demand model

Findings from regression analysis
Figure 9 shows scatter plots for OSM road types service and residential, with road length on the x-axis,
parking capacity on the y-axis and linear regressor and RANSAC lines. An apparent trend can be
recognized in both graphs, especially for residential roads. The pattern varies by road type, with
residential roads having a more consistent increase in the number of parking spaces as the length
increases. This is only an apparent relation, thus we also calculated R-squared to study its significance.
This resulted in low R-squared values for service and more than 0.4 for residential. Furthermore, the
RANSAC algorithm performed worse than normal linear regression for residential and slightly better
for service roads, which may be due to improper parameter choice. Thus, there is a need for further
research.

Figure 9 - Scatter plots for OSM tags service and residential and their regression and RANSAC lines.

Discussion and outlook
The findings demonstrate how detected parking areas can be linked to simulation data: comparing the
number of parking spaces per km2 revealed a linear relationship, with some outliers, between the
capacity of remotely sensed parking areas and those from the transport demand model. TAPAS is
currently not using parking capacity as a limiting factor in destination choice. This feature will be
implemented in the near future. Next steps are large-scale predictions to analyze the influences of landuse, building structure and population density. When data is obtained for the entire city, we expect more
stable analysis results compared to TAPAS. In terms of generalization and transferability, preliminary
research shows that only a small amount of additional training data is required to fine-tune the neural
network to provide good traffic area segmentation results in structurally similar regions. In order to
exploit prospective data sources such as high-resolution, sometimes multi daily, imagery from highaltitude platforms or satellites, it will be necessary to extend the methods. Parking spaces in garages can
only be identified to a limited extent on aerial imagery, so the total parking area tends to be
underestimated. Since the capacity of parking facilities is often publicly available, we search for
heuristics to link features of the city structure to the number of undetected parking lots.
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Conclusion
The processing chain presented in this paper allows a promising estimation of the parking spaces and
their occupancy based on aerial images. By using state-of-the-art deep neural networks, parking areas
can be segmented despite their diverse appearance in terms of pavement, markings and layout. Of
particular interest for transport modelling is the comprehensive coverage with respect to parking on
public and private property, as well as the actual use of traffic areas in regions with high parking pressure.
Parking capacities are derived by a geospatial discretization method, and in combination with the
detection of stopped vehicles it is also possible to capture the current utilization. This enables new ITS
applications. Through a regression analysis, the knowledge gained from the study area can also be
applied to other regions. Overall, the large-scale applicability of the processing chain and the wide range
of possible use cases of the obtained data have been demonstrated.
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