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Abstract

The paper presents Park Smart, a solution which aim is
to solve the pain of finding a free parking space in pub-
lic and private areas (e.g. cities, malls, etc.), and hence
to optimize parking stalls allocation as well as to increase
revenues for the companies which manage them. The pro-
posed solution exploits cutting edge technologies such as
IoT, Cloud Computing and Deep Learning.

1. Introduction

In the last 20 years, the number of people that live in ur-
ban areas has been constantly increasing, especially in less
developed regions [17]. Together with the growth in the ur-
ban population (Fig. 1), the number of vehicles in use has
been increasing [1], as shown in Fig. 2.

These trends lead to a significant reduction in the avail-
ability of parking lots. Consequently the amount of time
spent driving increases, together with stressful conditions
and air pollution. Therefore, smart monitoring of parking
stalls aiming to optimize the path from the current driver
position to a free parking lot is not only a matter of maxi-
mizing profits for the owner or the manager of the parking,
but also a matter of public health.
To face this kind of problems, leveraging new technolo-
gies to ease their solutions, the scientific community and
the governments elaborated the concept of Smart Cities.
A Smart City is a city where, with a massive use of ICT
solutions, classic problems such as traffic, health monitor-
ing, mobility, efficient governance, etc. are tackled in an
innovative fashion. Moreover, in the last few years there
has been a significant interest about the Internet of Things
paradigm [4]. The IoT has been defined as “a global in-
frastructure for the information society, enabling advanced
services by interconnecting (physical and virtual) things

Figure 1. Urban Population 1995 – 2015 and trend to 2025

Figure 2. World vehicles in use 2005 – 2014.

based on existing and evolving interoperable information
and communication technologies” [9]. Thus Smart Cities
are intrinsically correlated to the implementation of an IoT
framework. In such a scenario, sensors are distributed in the
area of the cities and generally connected via cloud, to ex-
ploit the computational power of remote machines. This
model though is subject to the limitation brought by the
availability of a high speed connection. Recently, major
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companies have started to focus on a new paradigm, known
as edge computing [2]. In this model, the computation is
“moved” from inside the cloud to its borders, making use of
distributed processing units. Thus the IoT device is trans-
formed from a mere sensor to an intelligent unit.
Here we present Park Smart as a case study. We will dis-
cuss the end-to-end system that allows to design a low-cost
solution to detect whether a parking stall is free or not.
The remainder of this paper is structured as follows. In Sec-
tion 2 we briefly review relevant works. In Section 3 we
present the Park Smart full pipeline. In Section 4 we dis-
cuss the classification system. Whereas Section 5 conclu-
sions and final considerations are drawn.

2. Related works
The problem of detecting empty vs non-empty parking

lots is not new in Computer Vision. Wu et al. [18] pro-
posed a simple pipeline, where patches were extracted and
normalized into rectangular patches by using perspective
transformation. The color distribution on these patches is
computed by the authors and used to feed a Multi-class Sup-
port Vector Machine (SVM) for classification purposes. As
a final stage, the results of the classification are processed
using a Markov Random Field (MRF) to refine potential
conflicts between two neighboring patches. Among other
works based on colors histogram we can cite [16, 15]
A method based exclusively on image processing tech-
niques was proposed by Yusnita et al. in [19]. The authors
mark the real scene painting each stall with a brown circle
in the center. In order to decide if a place is available or not
the images are thresholded and enhanced using morpholog-
ical operators. Then the system looks for the circles that are
still visible, using an eccentricity based measure to check if
the detected blobs are roughly circular. As a last step, the
system applies a threshold and counts the remaining spots,
giving in output the number of free stalls.
Another approach in literature makes use of trajectories
or events to separate empty stalls from non-empty ones.
Specifically, Lin et al. [12] employ motion trajectories as
feature vectors and then apply the adaptive Gaussian Mix-
ture Model (GMM) and connected component analysis for
background modeling and objects tracking.
Park lot classification has been addressed by de Almeida et
al. [7], Di Mauro et al. [8], Amato et al. [3]. In [7], the
main objective of the authors was to build a dataset in order
to test and assess both old and new algorithms to solve the
free parking slots classification problem. The pictures were
taken in three different climatic conditions (i.e.: cloudy,
sunny, rainy) to provide a large variability. In order to val-
idate the “goodness” of the dataset, the authors performed
three kind of tests. The first was related to the evaluation of
using two different hand-crafted features (Local Binary Pat-
terns and Local Phase Quantization). The second aimed to

evaluate the generalization properties of the approach, using
images from a single stall as training and testing the algo-
rithms on the images representing other stalls. The purpose
of the third test was to measure the learning ability of the
system.

In [8] supervised and semi-supervised approaches have
been compared to solve the problem of classify a park-
ing space as empty or non-empty. In particular, a fine-
tuned convolutional neural network (AlexNet), and a semi-
supervised method, using a CNN fine-tuned with pseudo-
labeled data have been tested. They compared results have
been obtained using different loss functions and different
dataset from video recordings. In [3] a smaller version of
AlexNet (named mAlexNet) was adopted to make the detec-
tion task executable in real-time on an low-energy embed-
ded device. The authors tested the network developed on the
PKLot dataset and on a new dataset, CNRPark-EXT, which
is now freely available for the community.

3. Park Smart: The Overall System at Glance
Despite the problem to solve is “simple” it can be easily

intractable. Lets think about a single camera which streams
every frame to a centralized server. Then multiply the band
needed by one stream for the several cameras, hundreds,
or thousands, or even millions, needed to monitor several
smart cities areas. Note that a mid-sized city could need a
number between 800 and 1000 cameras to monitor all the
parking spaces.

It is clearly infeasible, or at least really expensive and
not economically profitable to manage such kind of stream-
ing traffic in real-time. We thus decided for a more scalable
approach by bringing the computation close to the camera
which acquire the stream using dedicated embedded sys-
tems that will send the results to the main server system.

Our architecture is described by Fig. 3. It has four main
components:

Cameras We use wide angle cameras to optimize the num-
ber of parking spaces monitored. Our approach is
not vendor locked. To have best results the resolution
needed is at least 50px per side for each parking space.

AISEE IoT We analyze the video stream as closest as pos-
sible to the camera. It is an embedded system capable
of elevated computing power, enough to do inference
using deep learning models. Once inference is done
the results are sent to the cloud platform. The embed-
ded operating system has been developed with secu-
rity, privacy and resilience in mind. We can deploy
several AISEE IoT boxes depending on the number of
cameras and the dimension of the installation.

Cloud We collect all the information from several installed
embedded systems through a cloud platform which is



Figure 3. This diagram show the current Park Smart system: images and videos are captured by cameras which send them to the AISEE
embedded where the computation is done. From there the information about the parking status is send to the cloud in order to be viewed
by users.

scalable by design.

Presentation layer The system is accessible through dif-
ferent kind of appliances:

• The dashboard is the business and administration
front-end which allows all the operations and to
manage the installations (e.g. to add new cam-
eras, configure cameras, add embedded, remove
embedded and upgrade them, etc.).

• The mobile app or browser are the ending point
for the people who are looking for a free spot
where to park.

4. Recognizing free parking stalls
Classification is the task where the computer vision com-

munity has obtained great results since the introduction of
deep CNNs. Thus we decided to tackle the problem to de-
cide if a parking space is empty or not as a classification
task over patches corresponding to parking lots. This ap-
proach is well suited for the most cases. The main idea is to
divide each frame captured by the camera in several crops,
where every crop is a square image corresponding to a park-
ing space.

To investigate the approach, before producing our
dataset, we used PKLot dataset [7], it has 12417 images
with resolution of 1280 × 720 pixels. This dataset is really
interesting for us for the following key features

• images were taken from three different parking areas;

• cameras were positioned at different heights;

• images have strong variability: such as the presence
of shadows, over-exposition, low light, difference in
perspective.

We sampled three datasets, one for each parking area, and
fine-tuned AlexNet. The results are reported in Table 1.

Sample Train Val Test Accuracy
UFPR05 19281 4820 24101 99.93%
UFPR04 20000 5000 25000 99,96%

PUC 20000 5000 25000 99,92%

Table 1. Results using a fine-tuned AlexNet on PKLot

We tested the system on other three dataset considering
images of a parking area composed by 46 parking spaces.
The images were acquired in Catania, Sicily, during sum-
mer, autumn and winter 2015 in order to have as much
variabilities as possible (light, weather, different cars, etc)
and at different time of the day. To cover the parking
space area the images have been acquired from eight cam-
eras with Full-HD resolution extracted from motion jpeg
streams. The sampled images have been cropped to extract
stalls and manually labeled. Specifically each crop has been
assigned a free or occupied label.



CNN Models DS1 DS2 DS3 Avg. Accuracy Footprint
AlexNet [11] 98,80% 99.20% 93.82% 97,27% 217M

GoogLeNet [14] 99.72% 99.58% 99.26% 99.52% 40M
VGG16 [13] 99.13% 98.70% 94.91% 97.58% 528M

Table 2. Results obtained considering different cnn models and three dataset. In particular, DS1 has 17688 train images, 3924 in val and
21612 in test; DS2 has 20636 train images, 4578 in val and 31374 in test; DS3 has 13032 train images, 2820 in val and 25212 in test

We analyzed different methods of cropping images, but,
in most cases, the methods did not have an impact on the
final classification results.

Figure 4. An example of classification of one camera. Best
viewed in colors.

Figure 5. Here there are some misclassified images of parking
spaces. Best viewed in colors.

To perform our experiments we used the Caffe li-
brary [10] taking advantage of GPU optimized code. To
fine-tune the networks we used a machine equipped with
four NVIDIA GeForce TITAN X with 12Gb of DDR5 RAM.

In order to find the best solution, balancing accuracy,
classification speed and model footprint, we have investi-
gated different models known in literature. The results are
reported in Table 2. As we can see all the different models
work quite well, with accuracy of 97% or more. GoogLenet
(without the fully-connected layer) is the slowest to train but
is the faster at inference time and the one with the smallest
footprint, while VGG16 and AlexNet weigh far more.

In Figure 4 we show an example of classification. The
camera is monitoring 12 parking spaces. On every park-
ing space, an overlay displaying the confidence of belong-
ing to empty or non empty class is shown. In Figure 5
we show some misclassification examples. Most of the er-
rors depends from high occlusions and unconventional ge-
ometries. To better asses the results, a video demonstrat-
ing the proposed solution is available at the following url:

http://iplab.dmi.unict.it/ParkSmart/

5. Conclusions
We have presented the Park Smart system. Park Smart

developed an end-to-end pipeline for smart parking assis-
tance and management. The infrastructure makes use of an
IoT device, designed and developed by the company itself,
which allows to perform the computation on the “borders”
of cloud, implementing the Edge Computing paradigm. The
system relies on a computer vision algorithm able to classify
parking spaces, given their spatial configuration. Current
and future developments include car detection, to solve the
parking stall detection problem even on streets’ side park-
ing spaces (also in the locations where lines are not painted),
camera calibration together with depth estimation [5] in or-
der to be able to measure the size of vacant spaces, as well
as traffic flow monitoring [6] and license plate recognition.
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