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Abstract. The Internet of things (IoT) paradigm that enables devices
to communicate via the Internet, is being adopted in various areas, in-
cluding smart homes and smart cities. ’Connected Car’ is a new term of-
ten associated with cars and other passenger vehicles, capable of internet
connectivity and sharing various kinds of data with other systems. This
paper evaluates the feasibility and technology readiness for this tech-
nology to be adopted in the automotive industry. We evaluate different
fleet management systems that are currently considered as a state-of-
the-art from a scientific point of view. Likewise, we consider commercial
platforms and sensory-enabled solutions that streamline the day-to-day
operations of different companies.

Keywords: Smart Car, Smart City, IoT, Telematics Hub, Machine Learn-
ing, Predictive Maintenance.

1 Introduction

Internet of Things (IoT) is a fast emerging paradigm that is becoming an om-
nipresent necessity, including in the automobile industry. The data being trans-
mitted can be about the car’s location and speed, different parts or lubricants’
status, if the car needs urgent service or not, etc. In this sense, the data collected
from the devices and IoT sensors can be processed to analyze the driving habits
and provide suggestions and optimizations for improving the vehicle’s economy
and maintenance intervals. The processing of this relies on the fusion of hetero-
geneous multi-modal [1] and multi-source data and modeling intangible factors,
facilitating predictive maintenance and energy saving.

High transport efficiency is also important in today’s traffic as haulage is a
low margin business with a high turnover. Profit can easily turn into loss by un-
expected changes in external conditions such as fuel prices, economic downturns
or vehicle failures [2]. By continuously monitoring transport efficiency companies
can increase competitiveness and become more profitable. This can be achieved
with the use of different Fleet Management Solutions [3]. Fleet management is
an operational and strategical challenge to companies and governmental agencies
related to passengers and freight transportation services [4]. At an algorithmic



level, it relates to optimization and scheduling optimization problems, such as
vehicle routing and scheduling, that are notoriously difficult to solve, especially
in dynamic settings.

Nowadays, fleet management is based on cloud solutions [5] that need to
be combined with combined with approaches for minimizing the total cost of
ownership of the cloud infrastructure [6, 7, 8]. A further step is to optimize the
collected Big Data to gain insightful information that can improve the business
processes and in turn, generate reliable profit streams [9, 10].

The remainder of this paper is structured as follows. Section 2 reviews differ-
ent commercial fleet management systems as well as academic state-of-the-art
approaches. In section 3 we present the architecture of the proposed system
and in section 4 we show the preliminary results of our work. Finally, section 5
concludes the paper.

2 Related work

In [11] the authors work on AI powered Collision Prevention system that will
not tolerate fatalities caused by machines, taping challenges that guarantee zero
accidents. To set the foundation of our research we prepared a set of IoT devices
and sensors to be used, it includes a device that supports SDK (Software De-
velopment Kit) scripting to prepare unique scenarios and algorithms, Advanced
Driver-Assistance Systems (ADAS) [12] and other peripherals for fuel monitor-
ing, temperature, driver identification (see Fig. 1).

We analyzed several Fleet Management Systems covered in scientific publi-
cations, such as [13, 14, 15], commercial platforms, with the research module in
this paper acting as platform independent, with examples like Geotab [16] and
Gurtam [17] and sensory enabled ADAS solution [12]. These solutions streamline
the day-to-day operations of any type of company by offering services like route
and driver planning, maintenance and repair planning. The biggest challenges
outlined by the whitepaper report of Mobileye [18] include a list of what are the
biggest headaches when it comes to Fleet Managers:

– Distracted driving – with data from studies suggesting that 71% of truck
crashes and 46% of near crashes involve distraction from direct driving re-
lated activities as a contributing factor. Findings from Virginia Tech Trans-
portation Institute [19] show that texting while driving increases 23 times
more the likelihood of crashing or near crashing.

– Driver retention – with a whitepaper report from Volvo stating that 82% of
companies having issues attracting quality drivers [18].

– Busted budgets – apart from fuel making 21% of average fleets marginal cost
[20], driver behavior – a category that includes speeding, harsh braking, turn
and rapid acceleration, can decrease gas mileage by up to 40%, simulations
running through different studies support it [12, 21].

– Speeding Drivers – Vehicles run at higher speeds are more prone to wear and
tear. Whether is a new brake pad, tires and engine transmission, maintenance
costs add up when vehicle has to be taken off the road for repairs [18].



Fig. 1. Overview of devices and sensors used for research set-up

– Urban driving – Managing a fleet in urban environment involves navigating
drivers around bumper to bumper traffic and other inconveniences.

Vehicle uptime is getting increasingly important as transport solutions be-
come more complex and the transport industry seeks new ways of being com-
petitive. Traditional FMS are gradually extended with new features to improve
reliability, such as better maintenance planning. Traditional diagnostics meth-
ods are unfeasible as it would require too much engineering resources [22]. This
paper aims to establish a method (unsupervised and supervised) for predicting
vehicle maintenance based on the sensory data.

For a variety of fleets, including intercity trains, school or city buses, taxis,
long-haul or short-haul trucks [23], the challenges include ineffective or unneces-
sary repairs, non-integrated data sources preventing optimizations of the fleet’s
maintenance, etc. These challenges increase the fleet’s operational costs, and
cause costly delays [24]. This entails Real-time Fleet Optimization considering
the transit network and its schedule [25].

Furthermore, AI can anticipate an engine problem and report it before the
driver notices, such as a need of oil change [26]. Such and predictive targeted
repairs are only possible with AI-based IoT solutions for data analytics.

The AI-based predictive algorithms can detect problems with equipment,
cargo or passengers and providing timely suggestions [27]. AI can analyze routes
and incorporate data to give drivers real-time alternative routes in cases of un-



planned events [25]. In addition, new technologies such as video-based onboard
safety monitoring systems use IoT and AI to help drivers make better decisions
[28].

These systems and approaches, demonstrate that this is an attractive field
for research and commercialization. Still, there are challenges that are not suf-
ficiently explored or addressed. Therefore, our research aims to implement a
system that will help answer these questions:

– Can emerging vehicle malfunctions be detected with AI/ML based on IoT
data in order to make pro-active service repairs to avoid unplanned down-
time?

– Does the fleet malfunctions and defects correlate with driving styles?
– Can the driving routes be optimized with advanced clustering and optimiza-

tion algorithms?

3 System Architecture

The implementation of the proposed system consists of the following steps:

– Set up the ecosystem
– Data collection approach: Gather Empirical data to carry out experiments
– Gathering information and data about functionalities. One example of func-

tionality would be predictive maintenance, vehicle break-down, etc.
– Process data collected from the telematics hub and sensors.
– Other forms of semi-structured data obtained by observations and inter-

views.

The foundation for the ecosystem is hoyo.ai (see Fig. 2 for illustration) that
is embedded in SaaS functionalities of different IoT platforms. For research pur-
poses Flespi is used, as an Innovative backend platform-as-a-service (PaaS) spe-
cially designed to work with telematics data. It is generally available, providing
unified data communication via REST API and a commercial SaaS application
with more than 2.3 million connected telematics units worldwide.

The method is data driven and use of extensive amounts of data, either
streamed, on-board data or even historic and aggregated data from off-board
databases. The methods rely on telematics hub that communicates with IoT
platform. A knowledge base is created so that it can be used to predict upcoming
failures on other vehicles that show the same deviation. A classifier is trained to
learn patterns in the usage data that precede specific repairs and thus can be
used to predict vehicle maintenance. Set-up of SDK script to get sensory data
from ADAS that records DATA from all types of warnings received from the
system such like Lane Departure Warning, Forward Collision Warning.

4 Results

Historical data streams, as shown in Figures 3 and 4, show driver behavior. They
can be used a data set to predict potential vehicle malfunctions as some patterns,
such as speeding are quite obvious (see Fig. 4).



Fig. 2. hoyo.ai architecture

Fig. 3. Summary historical data streams – taken from implementation on a company
in Macedonia

Fig. 4. Detailed historical data streams – taken from implementation on a company in
Macedonia



With the use of machine learning on other sensory [29], we believe that
learnings from these streams are quite feasible as well. We intend to use a self-
organized approach to detect deviations. It will rely on a database built of de-
viations known to later cause unplanned repairs by matching the disappearance
of deviations to a documented repair. The dataset can be also used to predict
failures as already known deviations reappear in different vehicles. The method
could enable a life-long learning as the database gradually evolves over time and
new deviations are learned. With that, the predictive maintenance could evolve
over time and react to unforeseen phenomena or failures. The method could be
cost effective as it requires little manual resources and easily expandable to new
vehicle components.

The expected outcomes of this research are:

– Find the appropriate algorithms that could identify the causes of vehicle
malfunctions and faults based on the historic pattern of sensory measure-
ments.

– Failures related to cooling fan, or heat load of the engine.
– Estimate driving styles based on wheel speed sensors, bakes, turn, accelera-

tion and considering road conditions (rural, urban).
– Evaluate the approach in real-life setting of 1000 telematic hubs divided into

different categories (light vehicles, trucks, buses, heavy machinery).
– Integrate the hoyo.ai modules with established IoT platforms, thus offering

it to 3+ million units worldwide.
– Perform cost/benefit analysis of using the predictive maintenance algorithms.

5 Conclusion

This paper reviewed current state-of-the-art for predictive maintenance in the
automotive industry. Likewise, it analyzed the offerings of current commercial
platforms. Based on the identified shortcomings of these approaches, it pro-
posed a novel platform, hoyo.ai, to integrate sensors and collect data. Based on
the analysis preliminary collected data based on a deployment in a company in
Macedonia, we can conclude that the patterns in the data are evident. In the
future, we intend to evaluate different classical machine learning and deep learn-
ing approaches for automatically analyzing these data sets, which are growing
by the day as data is being collected with hoyo’s current and new customers.
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