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Abstract — This article presents a solution for volumetric 

vehicle counting using artificial intelligence based on images of 

specific areas of interest in smart cities. The focus is on collect-

ing data to support urban mobility planning. It includes the de-

velopment of equipment for collecting images, easy to install 

with its own power generation, development of software for 

data processing, covering the identification, tracking and 

counting of vehicles, to identify the detailed traffic flow with the 

separation of vehicles by their respective categories: cars, mo-

torcycles, trucks and buses. In this way, the solution developed 

in this work can directly contribute to the planning of mobility 

in urban areas through the automated collection of traffic flow 

data. This solution was developed within a university environ-

ment and can also be used in practical educational approaches 

as an applied framework for learning in artificial intelligence 

and computer vision, with direct application to smart city con-

texts. 

Keywords: Volumetric vehicle counting; Urban mobility; Smart 

city. 

I. INTRODUCTION 

The term "smart cities" is commonly associated with 
the application of technology in the urban environment; how-
ever, its concept is broad and extends beyond this notion. 
Cities globally have been exploring methods to address con-
temporary challenges through solutions that yield long-term 
economic benefits [1]. 

The upward trend in human population growth has ren-
dered sustainable urban mobility a significant challenge for 
municipal authorities [2]. With social and economic devel-
opment in urban areas, issues such as congestion and in-
creased pollution emerge. To implement effective improve-
ments in this context, it is crucial to understand traffic de-
mand through indicators such as traffic flow [3]. 

This study presents an Artificial Intelligence (AI)-based 
solution to acquire traffic flow data on urban roads through 
volumetric vehicle counting, utilizing images captured in 
designated zones of interest. To facilitate image acquisition, 
a custom, easy-to-install station powered by solar energy was 
constructed. 

The image processing component predominantly fo-
cuses on the detection of objects of interest, specifically mo-
tor vehicles categorized by type. Following detection, each 
object must be tracked to establish its movement, enabling 
the software to perform counting. Subsequently, the col-
lected data is recorded to create a historical database. 

The following sections present the context and develop-
ment of the system addressed in this work. In Section II, the 

need for traffic studies in urban mobility is discussed. In Sec-
tion III, the techniques used for object detection and vehicle 
tracking in this approach are described. In Section IV, the 
system architecture and the equipment used are presented. 
The results obtained are discussed in Section V, and finally, 
the conclusions are presented in Section VI. 

II. URBAN MOBILITY 

In various cities around the world, the association be-
tween mobility and transportation has encouraged an in-
creasing reliance on motor vehicles and a tendency towards 
the expansion of urban road networks. Consequently, road 
structures such as overpasses, bridges, tunnels, and pedes-
trian walkways have become common and characteristic el-
ements of the modern city [4]. 

Urban mobility is a critical subject for city management 
as it pertains to the movement of goods and people. Thus, the 
analysis of traffic flow is necessary for public transportation 
planning, parking management, and other related aspects. 

According to the Traffic Study Manual by National De-
partment of Transport Infrastructure (DNIT), the quantity, 
direction, and composition of vehicle traffic flow in a road 
system over a specified period are determined through Vol-
umetric Counting. This information is invaluable for capac-
ity analysis, identifying the causes of congestion and acci-
dents, as well as for pavement sizing and traffic channeling 
projects [5]. 

III. COMPUTER VISION 

The demand for computer vision has grown over the 
years, focusing on solving real-world problems [6]. How-
ever, there are several challenges, as many models are defi-
cient in handling adverse situations such as partial occlusion, 
low contrast, and changing environmental conditions [6]. 
The challenges and deficiencies highlighted in Sebe's 2005 
work remain relevant even after nearly two decades. 

You Only Look Once (YOLO) is an algorithm designed 
for object detection [7]. Its name is self-descriptive since de-
tection occurs in a single stage; in its output, identified ob-
jects are displayed with rectangles around each one accord-
ing to their class [8]. These rectangles are called bounding 
boxes. The entire image is utilized to predict each bounding 
box for all classes for which the model is trained; the input is 
divided into an SxS grid, meaning that if the center of an ob-
ject lies within one of the cells, that cell will detect it. In each 
case, a confidence value is assigned to statistically determine 
which of the generated boxes best fits the detected class [7]. 
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To train the model, although it is possible to create a cus-
tom dataset, gathering thousands of images and categorizing 
objects individually is a slow and labor-intensive process. On 
the other hand, ready-to-use datasets exist to meet various 
demands. Launched in 2014, the Common Objects in Con-
text (COCO) dataset consists of 328,000 images, of which 
over 200,000 are labeled, covering 80 categories [9]. 

Object tracking becomes useful in certain applications, 
and for vehicle counting, it is indispensable since it is neces-
sary to obtain information about the movement performed. 
Once detected in a frame, the object of interest is tracked in 
subsequent frames; this process is usually lighter than detec-
tion [10]. The choice of tracker must take into account the 
demand and available resources. 

Simple Online and Realtime Tracking (SORT) is a 
method for tracking multiple objects. Proposed in 2016, it 
was created with an emphasis on real-time applications, con-
sidering only the current frame and the previous one for 
tracking [11]. The object's trajectory is predicted using a Kal-
man filter, and frame-by-frame data is associated using the 
Hungarian algorithm.  

Although SORT is capable of tracking multiple objects, 
the fact that it considers only the current frame and its prede-
cessor makes it susceptible to identification changes when-
ever occlusion occurs. To solve this problem, a derivative 
called DeepSORT was created, which improves data associ-
ation [12]. DeepSORT adds information related to the ob-
ject's appearance, so even if occlusion occurs, when the ob-
ject reappears, tracking remains, thus maintaining the same 
identification [13]. 

IV. SOLUTION DEVELOPMENT 

This section details the architecture, as can be seen in Fig-
ure 1, of the developed system, highlighting the primary 
hardware and software components. A prototype for image 
acquisition was constructed, with images later processed in a 
cluster equipped with NVIDIA GPUs, providing automated 
volumetric vehicle counting. Vehicles are categorized into 
cars, motorcycles, trucks, and buses. 

A key component in this equipment set is the camera, 
specifically the Hikvision DS-2CD1123G0E-IC model used 
in this research. This device features a 2MP resolution, infra-
red LEDs with a range of up to 30 meters suitable for captur-
ing nighttime images, an energy demand of up to 5W, and a 
memory card interface supporting up to 128GB [14]. Addi-
tionally, it has IP67 protection, making it resistant to dust and 
water, ideal for outdoor installations, and IK10 vandalism 
protection [15]. 

Based on these specifications, the image collection 
equipment was installed in a metallic hermetic box. This de-
sign protects the water-sensitive battery and charge control-
ler. Besides protection, the metallic box was chosen for its 
durability, allowing it to be used as part of the structure. 
Thus, a metal support for ground installation was designed 
to be fixed directly to the bottom wall of the box. Similarly, 
a support was created for the photovoltaic module on top, 
adjustable in angle to fit its size. 

To ensure the system is versatile and secure, all energy 
consumed is generated locally via a solar generator. Thus, no 
extra installations are required at the collection points. After 
collecting the images, the data is taken to the cluster, where 
it will be processed. Seeking to reduce costs and make logis-
tics viable, edge computing was not used; in addition, post-
processing allows recounting and subsequent adjustments. 

To meet energy demands, a 20W photovoltaic module 
and a charge controller were included. The module-gener-
ated energy powers a Uninterruptible Power Supply (UPS) 
battery with a 7Ah capacity; the charge controller manages 
battery charging, preventing overcharging and overvoltage.  

 

 
Figure 1. Solution architecture. 

 

 
The camera was securely mounted at the bottom of the 

box using screws and nuts. To facilitate field installation and 
support, the previously mentioned metal bracket was em-
ployed. This setup enables the image capture system to be 
easily transported, adjusted, and deployed at various points 
of interest. Upon activation, the camera captures images and 
stores them on a memory card. 

For image processing, the captured images are trans-
ferred to a cluster outfitted with six NVIDIA RTX 3070 
GPUs, as depicted in Figure 2. 

The algorithm for volumetric vehicle counting operates 
through a series of steps including detection, tracking, count-
ing, and logging of objects of interest, such as cars, buses, 
motorcycles, and trucks. 

For object detection, the YOLOv5 algorithm was em-
ployed. This version of YOLO offers a range of model vari-
ations, from YOLOv5n (nano) to YOLOv5x (extra-large) 
[16].  

Upon detection, each vehicle is assigned a unique ID and 
tracked using the DeepSORT algorithm. The DeepSORT al-
gorithm's robustness allows it to maintain tracking continuity 
even in the presence of short occlusions, preventing ID 
switches and enhancing accuracy in the volumetric vehicle 
counting process. 

Additionally, a virtual grid system was implemented to 
precisely define the movement patterns of each vehicle, as 
illustrated in Figure 3. With this approach, it is possible to 
identify the traffic flow in different locations, based on the 
quadrants present in the image. To achieve this, it was nec-
essary to separate the grid system into zones, so that the 
movement carried out by the vehicle is established by the 
zone in which it is first identified and the zone in which it 
disappears. This counting strategy is flexible, can identify 
complex movements in busy locations and eliminate un-
wanted movements. As an example, Figure 4 shows four 
zones with their respective movement in relation to the origin 
and destination. 
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Figure 2. GPU cluster for processing artificial intelligence software. 

Figure 3. Virtual grids for identifying conversions.  

 

 
Figure 4. Zones delimitation. 

Defining zones and including movements are separate 
processes from generating the analysis spreadsheet, so that 
traffic engineers have freedom in delimiting the scope of 
what will be evaluated. Furthermore, by considering each ve-
hicle category individually, it is possible to identify peak 
hours in a segmented version. The data is generated in 
spreadsheet form, as this makes access to the data more pal-
atable and opens space to calculate other metrics, create 
graphs, etc. 

V. RESULTS 

A prototype for image capture was successfully devel-
oped at the Federal University of Tocantins. This setup ena-
bled the validation of its continuous image recording capa-
bilities, encompassing both camera functionality and the re-
liability of the self-sustaining power generation system. It 

was verified that image capture remained uninterrupted, with 
the generated energy effectively maintaining battery charge 
and system operation, including nocturnal periods. 

Following operational validation, an additional eight im-
age capture units were manufactured. These units were me-
ticulously installed to proactively identify potential opera-
tional issues during a week-long continuous runtime. Six 
units performed as anticipated, seamlessly operating without 
interruptions as per the initial testing phase, while two neces-
sitated battery replacements. 

With all nine image capture units functioning at full ca-
pacity, they were transported to Redenção-PA, a city in the 
northern region of Brazil boasting a population exceeding 
100,000 inhabitants. Strategically placed in areas character-
ized by high vehicular activity, one of the deployment units 
is shown in Figure 5. 

Following the installation, all units underwent testing. By 
connecting a notebook directly to the camera using an Ether-
net cable, it was ensured that the camera was effectively re-
cording images.  

 
Figure 5. Image acquisition system installed and operating. 

Utilizing the implemented grid system, specific move-

ment identification zones were established for each counting 

area based on the monitoring roadways' requirements, as de-

picted in Figure 5. Therefore, after processing, it was possi-

ble to obtain the traffic flow in each zone established by day 

and time, as shown in Figure 6. Complementarily, Figure 7 

shows how the results are exported after the counting pro-

cess. 

 
Figure 6. Vehicles and their conversions identified through the AI algo-

rithm. 

14Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-366-8

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

SMART 2026 : The Fifteenth International Conference on Smart Cities, Systems, Devices and Technologies



 

Figure 7. Traffic flow in one of the observed zones. 

Considering that the image capture stage is completely 

independent of processing, in challenging scenarios such as 

the city of Redenção – PA, the analyses can be repeated, if 

necessary, until all the desired criteria are observed, which 

would not be possible in a situation with local processing, 

without video storage. 

VI. CONCLUSION AND FUTURE WORK  

This paper sets out to develop an artificial intelligence-
based solution for volumetric vehicle counting in urban en-
vironments, aiming to support smart city mobility planning. 
To achieve this, an integrated system was designed combin-
ing a self-powered image acquisition unit with a computer 
vision pipeline for vehicle detection, tracking, and counting. 

The proposed system for volumetric vehicle counting 
aligns with the concept of smart cities by integrating ad-
vanced technologies such as artificial intelligence, Internet 
of Things (IoT), and renewable energy sources. By imple-
menting a smart image acquisition system powered by a pho-
tovoltaic generator, the solution promotes autonomous and 
sustainable operations, two key pillars in the development of 
smart cities. The software component, comprising vehicle 
detection, tracking, and data analysis, contributes to enhanc-
ing urban mobility planning and traffic management effi-
ciency, vital aspects for the development of smarter and more 
interconnected urban environments. 

The successful field testing in Redenção demonstrates 
the practical application of these smart city principles to im-
prove traffic monitoring and city infrastructure, showcasing 
how innovative solutions can contribute to the advancement 
of urban living standards. 

 In addition to its technical contributions, the proposed 
system also contributes to the educational context, as higher 
education institutions play a fundamental role in training pro-
fessionals capable of addressing smart city challenges and 
overcoming contemporary urban issues. 

As future work, it is intended to improve the system to 
operate under adverse conditions, such as low illumination, 
occlusions, and weather variations. In addition, the inclusion 
of edge computing techniques will be investigated to enable 
real-time data processing at the point of collection, as well as 
to expand traffic analysis capabilities, including vehicle 
speed estimation and the detection of traffic irregularities. 
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