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I. INTRODUCTION

Artificial Intelligence (AI) is increasingly employed to de-
velop public services that make life easier for citizens. In this
abstract, we present some research topics and applications
carried out by the Artificial Intelligence for Media and Hu-
manities (AIMH) laboratory of the ISTI-CNR of Pisa about
the study and development of AI-based services for Smart
Cities dedicated to the interaction with the physical world
through the analysis of images gathered from city cameras.
Like no other sensing mechanism, networks of city cameras
can ’observe’ the world and simultaneously provide visual data
to AI systems to extract relevant information and make/suggest
decisions helping to solve many real-world problems. Specif-
ically, we discuss some solutions in the context of smart
mobility, parking monitoring, infrastructure management, and
surveillance systems.

II. RESEARCH THEMES AND APPLICATIONS

A. Visual Parking Lot Monitoring

Traffic-related issues are constantly increasing, and tomor-
row’s cities cannot be considered intelligent if they do not
enable smart mobility. The AIMH laboratory proposes some
Deep Learning (DL)-based solutions for parking lot monitor-
ing running directly onboard embedded vision systems, i.e.,
devices equipped with limited computational capabilities that
can capture and process images. Specifically, we introduced
a decentralized solution for visual parking lot occupancy
detection [1], which exploits Convolutional Neural Networks
(CNNs) to classify the parking space occupancy directly on-
board Raspberry Pi platforms equipped with camera modules.
On the other hand, in [2] and [3], we extended this application
by proposing a DL-based method that is instead able to
estimate the number of vehicles present in the parking area
without relying on meta-information regarding the monitored
scene, such as the position of the parking lots. We show the
output of our vehicle counting solution in Fig. 1. Moreover,
unlike most of the works on this task, which focus on the
analysis of single images, the AIMH group introduced, in [4],
the use of multiple visual sources to monitor a wider parking
area from different perspectives. The proposed multi-camera
system is capable of automatically estimating the number of
cars present in the entire parking lot directly on board the
edge devices, combining an on-device DL-based detector and
a decentralized geometric-based approach. Finally, in [5] we
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proposed a DL solution to detect and count vehicles in images
taken from drones automatically.

Fig. 1: Examples of the output of our vehicle counting
solution. We show input images captured by smart cameras
and the detected vehicles by our CNN-based technique.

B. Visual People Detection and Counting
An essential task in many intelligent video surveillance

systems is pedestrian detection since it is the main building
block for many applications, such as people re-identification
and counting. CNN-based pedestrian detectors have demon-
strated their superiority over the approaches relying on hand-
crafted features, but they require a considerable amount of
labeled data for the learning stage. Since manually annotating
new sets of images is expensive, an appealing solution is to
gather synthetic data from virtual environments resembling
the real world, where the labels are automatically collected
by interacting with the graphical engine. In this direction, the
AIMH group introduced Virtual Pedestrian Dataset (ViPeD)
[6] [7], a new synthetic dataset generated with the highly
photo-realistic graphical engine of a video game. We show a
sample of this dataset in Fig. 2. We exploited it to train CNN-
based pedestrian detectors. Moreover, in [8], we proposed a
video-based counting technique that estimates the number of
people present in the monitored scenes by taking advantage
of the temporal correlation between consecutive frames.

C. Visual Traffic Density Estimation
Monitoring vehicle flows in cities is crucial to improving

citizens’ urban environment and quality of life, and images



Fig. 2: Sample of our ViPeD dataset. Images and bounding
boxes localizing the pedestrians are automatically gathered
from a virtual-world. Image Courtesy of [7].

are the best sensing modality to perceive and assess the
flow of vehicles in large areas. However, machine learning-
based technologies hinge on large quantities of annotated
data, preventing their scalability to city-scale as new cameras
are added to the system. The AIMH laboratory proposes a
technique that can automatically estimate the traffic density
of urban scenarios by analyzing images [9] [10]. The main
peculiarity of this methodology is that it can generalize to
new sources of data for which there is no training data
available. We achieved this generalization by exploiting an
Unsupervised Domain Adaptation (UDA) strategy, whereby
a discriminator attached to the output induces similar traffic
density distribution in the test and train domains.

D. Human Activity Monitoring

As occurs during a severe health emergency event such as
the recent COVID-19 pandemic, there exist scenarios in which
ensuring compliance to a set of guidelines becomes crucial to
secure a safe living environment in which human activities
can be conducted. The AIMH group proposes a deployed
real use-case embedded system capable of perceiving people’s
behavior and aggregations, and able to supervise the appliance
of a set of rules relying on a configurable plug-in framework
[11]. As an effective setup, we implemented a set of visual-
based modules for pedestrian detection, tracking, aggregation
counting, social distancing calculations, and personal protec-
tion environment detection. To test the effectiveness of our
solution, we monitored a known place in Italy during the
restrictions imposed during the COVID-19 pandemic, proving
satisfactory accuracy. In Fig. 3, we show an example of the
functionality aiming at estimating the social distance.

III. CONCLUSION

This abstract described several human-centered AI public
services available to citizens proposed by the AIMH laboratory
of the ISTI-CNR of Pisa. Specifically, we illustrated some AI
applications based on the analysis of images gathered from city
cameras that make life easier and safer for people in modern
smart-cities, in the sphere of smart mobility, infrastructure
management, and surveillance.

Fig. 3: Examples of the output of our social distance
measurer module. Left: images with the detected pedestrians.
Right: 2D projection on a virtual planar surface obtained
through homography. Green color means a safe placement;
red color indicates violations of the social distance rule. Image
Courtesy of [11].
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