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Abstract 
With the development of the smart city and the Internet of Things, all vehicles 
are connected to each other, which improves the safety and efficiency of road 
transportation. In an Internet of Vehicles (IoV) environment, all vehicles transmit 
huge amounts of data in real time. I am very interested in the research fields of 
IoV and Big Data Analytics, which are still vibrant and rapidly developing. This 
paper presents a vehicle-tracking system for the Internet of Vehicles based on 
stream processing which allows for processing of huge amounts of IoV data 
streams for vehicle tracking in real-time. The system also deals with the tracking 
of vehicles which are not in the IoV system. Tracking is done in near real time, 
the aim being to reduce tracking latencies of vehicles. The proposed system is 
simulated and evaluated, and its performance is shown that the vehicles could be 
tracked even in a large scale of IoV deployment within milliseconds. 
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I. INTRODUCTION 
The convergence of Vehicular Ad-hoc Networks 
(VANETs) with the Internet of Things (IoT), now 
known as the Internet of Vehicles (IoV), has been 
receiving much attention from the scientific 
community over the last decade, turning into a 
substantial research area. In addition to being a 
novel frontier for the automotive sector, IoV is 
also an essential part of the new paradigm of the 
smart city [1]. Unlike previous vehicular networks 
that only enabled vehicle-to-vehicle (V2V) 
communications, IoV enables multi-modal 
communications between vehicles and 
infrastructure such as Road Side Units (RSUs), 

vehicles and humans such as pedestrians, and a 
variety of sensor-to-sensor and vehicle-to-vehicle 
communications. This ecosystem generates so 
much data that it is definitely considered a Big 
Data [2]. 
Vehicles today are packed with an increasing 
number of sensors and Internet-connected devices 
that can both create and use information all day, 
every day for the benefit of drivers and passengers. 
With the increased connectivity, another set of 
specifications have come up for the different types 
of communication channels: vehicle-to-
infrastructure, vehicle-to-vehicle, vehicle-to-
internet and intra-vehicle. These interactions 
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require secure, reliable and scalable information 
exchange of these interactions. However, IoV 
enables every vehicle to generate up to 30 GB of 
data every day [3] which presents a whole new set 
of data management challenges compared to 
earlier VANETs where data volumes were limited 
to localized safety applications like collision 
warnings. 
The opportunities that IoV opens up are huge. 
Many applications have improved the driving 
experience, businesses and society today, such as 
parking space detection [5], real-time traffic 
monitoring [6] and location-based services [7, 8]. 
In 2020, 20% of all vehicles on the road had 
internet connectivity and the global volume of 
vehicular data traffic is more than 300,000 
exabytes [9]. This stream of data is huge in size and 

comes in very high speed, and processing such a 
huge amount of data in meaningful time requires 
such kind of real-time stream processing 
infrastructure as explored in this paper. 
An aspect that is not sufficiently addressed in the 
literature is the presence of connected and non-
connected vehicles on the same roads. There are 
some cars that don't have the hardware required 
for participation in IoV, and others that choose 
not to participate for privacy reasons. However, in 
a networked world, the non-participating vehicles 
(NPVs) are actual issues of security and safety as 
they are not within the normal tracking coverage 
[10][11][12]. Roads shared between participating 
vehicles (PVs) and NPVs require a single tracking 
scheme that can be used by both types of vehicles. 

 

 
Fig. 1. IoV Environment illustrating the coexistence of participating and non-participating vehicles, RSU 

infrastructure, and internet connectivity. 
 

Figure 1 shows the context in which this research 
is situated—the IoV environment. The system 
presented in this paper resolves the basic challenge 
of dealing with these huge amounts of real-time 
generated data, while also maintaining PV and 
NPV information. It is appropriate for stream 

processing platforms since these platforms are 
optimised to deliver high throughput and low 
latency. This research aims to provide this kind of 
platform to provide near real time vehicle tracking 
with guarantees on data access time for both 
vehicle categories under a common architecture. 
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The rest of this paper is organized as follows. The 
literature review, which is described in Section II, 
determines the gap in the research. In Section III, 
the presented proposed framework and 
methodology are presented, which consist of the 
system design and the major components of the 
system. Section IV describes the implementation 
and reports the experimental results. The findings 
are addressed in Section V in terms of previous 
research and their implications. The paper is 
concluded in Section VI and directions for future 
research are provided. 
 
II. Literature Review 
2.1 Vision-Based and Sensor-Fusion Vehicle 
Detection 
Traditional vehicle tracking systems have been 
based on GPS data, with the difficulty of getting a 
clear signal in urban areas affecting the accuracy of 
the tracking. Using information from several 
sensors covers up the weaknesses of the individual 
sensors, and a more reliable localization result can 
be obtained [13]. A early and influential example 
of this is a dash-cam based detection system, based 
on an early and effective detector called 
WaldBoost [14] and a tracker called Tracking 
Learning Detection (TLD) [15] and achieved real-
time detection of vehicles [16]. One method was 
based on background subtraction which identified 
abnormal driving behaviour in video streams and 
also estimated traffic flow and vehicle count [17]. 
Lately, deep learning has improved detection 
accuracy even further: deepened YOLO v5 
architecture reduced false detection rates when 
camera images were occluded [43], YOLOv11 
claimed good performance in various traffic 
situations [44] and large-scale deep learning 
pipeline using computer vision enabled real-time 
classification of traffic incidents [45]. 
 
2.2 Stream Processing Architectures for IoV 
Lambda architecture [18] introduced a modern 
paradigm for big data processing, which was based 
on the separation of batch and real-time 
computation layers. Its implementation in a 
vehicular environment enabled the introduction 
of time-critical scheduling and deadline-based 
processing guarantees, which did not fully meet 

real-time requirements in dynamic tracking 
scenarios [19]. Subsequently, Basanta-Val et al. 
[27] showed that principled scheduling strategies 
can make Apache Storm, one of the most popular 
stream processing frameworks, more predictable. 
Zhou et al. [37] used Storm specifically for the 
access of spatio-temporal vehicle data in an urban 
sensor network, and found it to be suitable for 
continuous, high-rate vehicular data streams. One 
of the concerns in the distributed RSU 
architecture proposed in this work is network 
traffic in MapReduce pipelines and Hammoud et 
al. [30] proposed centre-of-gravity task scheduling 
to minimize network traffic. 
 
2.3 IoV-Specific Tracking Approaches 
To address this, Hou et al. [20] introduced 
vehicular fog computing that stores computing 
resources onto vehicles themselves, decreasing the 
reliance on the central cloud resources. In the 
harder problem of tracking groups of vehicles 
whose geometric size and dynamics are unknown, 
Wang and Ayalew [21] present a probabilistic 
grouping framework. JUNIPER project [26] 
explored performance of big data systems in time 
constrained environments and bottlenecks. The 
closest precedent to the system proposed here was 
the Integrated Vehicle Tracking System (IVATS) 
[24] that distributed video frame data from CCTV 
and dashboard cameras to processing nodes using 
Apache Kafka and HBase, and extracted licence 
plate, position and timestamp attributes from the 
frames. Plangi et al. [25] developed a real-time 
localization system based on multi-sensor fusion, 
which was implemented in smartphones. In recent 
years, several interesting systems have been 
proposed, such as the use of blockchain in 
intrusion detection for vehicle monitoring [46]; 
accident alert systems based on IoT [47]; self-
adaptive traffic signal control based on license 
plate identification [48]; and integration of vehicle 
tracking and maintenance management systems 
[49]. 
 
2.4 Big Data Challenges in Streaming Vehicle 
Environments 
The streaming data is unbound, time ordered and 
has variable rates. With the expansion of the 
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number of vehicles and sensors, it becomes more 
challenging to maintain the efficiency of 
processing [33]. The key to obtaining meaningful 
information from streaming data is to select the 
proper data based on the characteristics of the 
stream [34]. Large amounts of data cannot be 
effectively handled without sufficient CPU 
resources [35, 36]. This is complicated by the lack 
of adequate data cleansing pipelines in restrictive 
computing resources [37, 38]. To solve these 
problems, Apache Storm is a distributed solution, 
based on a parallel topology of processing 
components, designed for machine learning, data 
analysis, and continuous computation [39]. 
 
2.5 Identified Research Gaps 
Searching through the cited material, there are 
some recurring gaps. First, there is no tracking 
system available that offers a way to track cars that 
are not part of the IoV network. Every road has an 
NPV and a PV; almost all published systems only 
deal with the connected subset. Second, systems 
that process vehicle data at scale are rarely able to 
return end-to-end latency with percentile 
breakdowns, which is the information needed to 

determine if a system can satisfy the needs of a 
particular application class. Third, edge 
deployment with RSUs where processing is done 
near the data source without sending raw data to 
the central cloud is seldom analysed in realistic 
load. Fourth, previous attempts to implement and 
test VAT-based visual profiling of NPVs from 
surrounding PV camera feeds have not been done 
in a stream processing framework. This paper 
seeks to tackle all four gaps.  
 
III. Framework and Methodology 
The research method is an experimental one that 
uses prototyping. It was designed, implemented 
and tested in a simulated vehicular environment 
in iterations until stable end-to-end operation was 
achieved. To design, four objectives were set: (1) 
direct data sharing to track participating vehicles, 
(2) cooperative observation of non-participating 
vehicles by surrounding PVs, (3) processing of 
vehicle data in real-time by a stream processing 
cluster on RSU nodes, and (4) low-latency query 
of entire vehicle journey histories. Each objective 
is described in the following sections, followed by 
the Evaluation Plan. 
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Fig. 2. Proposed architecture for real-time big data processing. PV data and NPV observations flow from 

RSUs through the stream processing cluster to in-memory storage. 
 

The overall architecture is illustrated in figure 2. 
Vehicles traveling through RSUs' coverage zones 
will have data collected. PVs send out their own 
telemetry, while NPVs are observed passively via 
the cameras and sensors of nearby PVs. All of the 
data is pushed into the stream processing cluster 
and processed in real-time before results are 
written into RAM for quick query access. 
 
3.1 Tracking of Participating Vehicles 
Participating vehicles (PVs) on the IoV network 
directly feed the data including their location, 
speed and sensor readings to the closest RSU at 
fixed time intervals. They also describe the 
observation of nearby vehicles captured by the 

vehicles' onboard cameras, front and rear sensors, 
and LIDAR units. This cooperative sensing role is 
what renders PVs to be the most important 
information source for non-participating vehicles 
in the neighborhood. As each PV approaches the 
coverage area of an RSU, the RSU records its 
identifier, its time, and the RSU's physical location 
and adds this information to a linked list which is 
stored in RAM. The storage operation is 
performed in memory data structures and is done 
within the Storm bolt, which means that it is 
expected to be in the microsecond range, as 
demonstrated in the experimental results 
presented in Section IV. 
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Fig. 3. Computational infrastructure of RSUs. Multiple RSU nodes form a mesh, each hosting a Kafka 

broker and Storm workers, eliminating single-node bottlenecks. 
 

Figure 3 shows the RSU computational 
infrastructure. The mesh of n RSU nodes, with 
each node hosting a Kafka broker and a number 
of Apache Storm worker processes, removes the 
single point of failure that would occur if it was a 
single centre [40][41][42]. The cluster scales 
horizontally as the number of vehicles increases by 
the addition of RSU nodes. 
 
3.2 Tracking of Non-Participating Vehicles 
NPVs will not generate any traffic on the network 
themselves. Their presence is only known 
indirectly, by observation of neighbouring PVs. 
There are three categories of NPVs that are 
operated in distinctly different ways within the 
system: 

3.2.1 Vehicles with valid registration plates but no 
connection (registered but not currently issued to 
this vehicle) (Vehicle registration plates that are 
not valid or cannot be matched against the vehicle 
registration database) 
3.2.2 Unregistered vehicles only tracked by a VAT 
generated shadow profile and flagged as 
unregistered. 
3.2.3 Vehicles in which a fraudulent or 
mismatched registration plate was detected, 
through a mismatch between the string captured 
by the camera and the string assigned to the 
vehicle by VAT, were flagged up for law 
enforcement. 
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Fig. 4. Architecture for vehicle tracking. The system classifies each detected vehicle as PV or NPV and 
routes it through the appropriate processing path before storing the journey record. 

 
The decision logic for when a vehicle enters the 
RSU coverage is shown in Figure 4. Identifiers of 
the PVs are verified and then put into the linked 
list quickly. Prior to creating or updating a shadow 
profile, NPVs are passed through the Vehicle 
Attribute Transformer. The output is that both 
categories of vehicles are maintained in the same 
pipeline and stored in parallel listsone for PVs, 
and one for NPVsthat get the whole picture of 
road traffic in the monitored area. 
 
3.3 Vehicle Attribute Transformer (VAT) 
The Vehicle Attribute Transformer is the part that 
transforms the multiple-angles of visual 
observations of an NPV into a searchable, stable 
identity. This works as follows. The camera images 
from the front and rear of neighbouring PVs are 
received and processed by two transformer 
modules, one of which extracts colour and vehicle 
class information, and the other extracts geometric 
viewpoint information from many angles. The 
transformer scores each observation by weighing it 
according to image quality and viewing angle. A 
Vehicle Identification Number (VIN) is created 

from the attribute vector's weighted attributes and 
assigned to an NPV.  
Every NPV identity creates a shadow profile that is 
an in-memory record including the VIN, the 
attributes observed, and journey history. As more 
PV observations are received the shadow profile is 
progressively completed. If two profiles are found 
to be the same physical vehicle, they are combined 
into one profile, so that every vehicle that has been 
observed is mapped to a single shadow profile, 
even if multiple PVs have observed the same 
vehicle. This is an important step in ensuring 
proper journey history and no duplication of 
journeys. 
 
3.4 Authentication of Vehicles 
After a VIN is received or assigned, the system 
checks the identity of the vehicle in the national 
vehicle registration database. In the case of PVs, 
the self-reported registration number will be 
verified. In case of an NPV having a plate with a 
VIN, and this VIN does not correspond to the 
VIN assigned by VAT, the vehicle will be marked 
as a possible false-registration case. Registration is 
not required for NPVs that cannot be read on a 
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plate. Authorised personnel can see in real time 
suspicious or un-registered vehicles in the 

monitored area with the dedicated NPV list, 
which is displayed next to the standard PV list. 

 

 
Fig. 5. Flow diagram of vehicle tracking and querying. PV and NPV paths converge at the in-memory 

store, with shadow profile creation handling new NPV identities. 
 
The complete decision flow is presented in figure 
5. Since the stream must enter from IoV, the 
system checks if the vehicle is a PV or a NPV, and 
the correct path is taken prior to recording the 
journey in RAM. If the number or VIN of any 
vehicle is given as a query, an actual travel history 
will be returned in real time. 

 
3.5 Querying Vehicle Location 
The query interface can be provided with a vehicle 
number (or VIN) and returns the complete 
journey history of that vehicle including all the 
RSUs it passed through, the time when it visited 
each one of them, and the last recorded location 
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of the vehicle. The lookup is O(1) amortised - 
there's no disk access or database seeking. If the 
vehicle that is being queried doesn't exist in the 
system, a ‘no record found' response is returned 
immediately not a timeout. This design makes the 
response time to the query mainly dependent on 
network round-trip latency and Storm bolt 
execution time, and not on storage access time, 
which explains the sub-10 second worst case 
reported in the results. 
 
3.6 Evaluation Plan 
The system was tested in two performance aspects. 
The first was the time spent in the vehicles table 
while writing to the vehicle location table, to 
evaluate the efficiency of the write path: how fast 
the Storm bolt can add a vehicle record to the in-
memory linked list. Times were recorded by using 
System.The operation occurred at the same time, 
before and after it, as indicated by nanoTime() 
calls. Second, for every query submitted to the 
Kafka topic, the end-to-end query response time 
was measured from the time the query was 
submitted until the time it was received by the 
query client. All measurements were taken after 
the warmup period to ensure stabilisation of the 
JIT compilation. The simulation was performed 
with a large number of vehicles, 50,000+ cars, 
yielding a statistically significant data set and large 
data set for both metrics. 
 
IV. Implementation 
The proposed system is accomplished using 
Apache Kafka, Apache Storm, and the ST-SIM 
vehicular network simulator. A Kafka producer 
continuously sends the vehicle events to a Kafka 
topic generated by the simulator. The topic is 
consumed by a KafkaSpout, and the tuples are 
passed to a sequence of Storm bolts, where each 
bolt contains the logic of a classification of the 

vehicle, processing the VAT and saving the tuple 
in a linked-list. What you have is a full real-time 
pipeline where any vehicle number can be queried 
and you can find its entire travelling history. 
The experimental cluster is made up of four RSU 
compute nodes with each node running a Kafka 
broker and an Apache Storm supervisor process. 
The Kafka cluster is composed of 4 brokers, 8 
partitions per topic and 2 replication factors to 
ensure fault tolerance. The topology consisted of a 
KafkaSpout that was connected to the processing 
bolts that realized the entire pipeline defined in 
Section III. ST-SIM was set up to produce a mixed 
fleet composed of 50,000+ vehicles, including PVs 
and NPVs, and with realistic urban mobility 
patterns. 
Apache Storm executes on the RSU nodes, and as 
vehicles arrive in an RSU coverage area, messages 
are sent to the RSU, which appends a tracking 
record (with a timestamp) to the linked list. PV 
and NPV records are stored in different 
ArrayLists. The current vehicle location, identifier 
and timestamp are persisted in the Kafka topic. A 
consumer fetches a topic and fills in the tracking 
lists into which queries are served. The query 
function receives a vehicle number and returns the 
full history of the location in nanoseconds, 
searching the linked list. 
 
4.1 Vehicle Location Storage Time 
The write latency of all vehicles in the 50,000 
vehicle simulation is shown in Figure 6. The 
vehicle index is plotted on the x-axis while the time 
to insert the location record into the in-memory 
linked list is plotted on the y-axis, also in 
nanoseconds. The distribution shape for writes 
less than 300 microseconds is displayed in the 
right panel, comprising more than 96% of all 
writes. 
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Fig. 6. Vehicle location storage time across the 50,000-vehicle simulation. Left: scatter across vehicle 

index. Right: distribution histogram for writes ≤300 μs. Mean write time is 32 μs. 
 
Three statistics characterise the write latency 
distribution: 
- Minimum write time: 3.5 microseconds. 
- Mean write time: 32 microseconds. 
- Maximum write time: 1,916 microseconds 
(approximately 1.9 milliseconds). 
The in-memory linked list approach is clearly 
effective for large-scale vehicles monitoring tasks, 
as evidenced by the low average runtime of 32 
microseconds. There are occasional surges towards 
the max, which are due to pauses in the JVM in 
which garbage is collected and network jitter 
between Storm worker nodes during transient 
times. Both are rare and fixed: They are limited to 

a small minority of insertions, and they do not 
increase over time; and as can be seen in the 
absence of any trends over time in the vehicle 
index, they are not common. 
 
4.2 Query Response Time 
Empirical cumulative distribution function (CDF) 
of end-to-end query response time for all the 
queries submitted during the simulation is 
presented in Figure 7. The S-shaped curve, which 
is typical of a log-normally distributed response 
time distribution, climbs rapidly then levels off as 
it gets closer to the maximum observed value in 
the low-latency range. 

 

 
Fig. 7. Cumulative distribution of query response times. Vertical markers indicate the 50th, 90th, 95th, 

and 99th percentile values. 
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Table I summarises the key percentile statistics for query response time. 
 

Table I. Query Response Time Statistics (50,000 Vehicles) 

Min (ms) Max (ms) Median (ms) 90th %ile (ms) 95th %ile (ms) 99th %ile (ms) 

670.31 9792.16 2905.38 4671.76 5716.69 7760.00 

 
The results of the latency analysis validate the 
proposed Kafka–Storm based framework for the 
vehicle tracking application for large scale, with 
bounded query response times. The minimum, 
median and maximum latencies were 0.67 s, 2.91 
s and 9.79 s respectively. Additionally, 95% of the 
complete vehicle query was done within 5.7 s and 
99% completed within 7.76 s. The results show 
that the framework can be used for near real time 
vehicle monitoring, vehicle history retrieval, smart 
city analytics and law enforcement applications. 
The measured response times, however, are not in 
compliance with the strict latency requirements of 
safety-critical applications like collision avoidance 
and autonomous driving, where a latency under 
100ms has to be guaranteed. The system proposed 
is therefore more of a large scale near real time 
vehicle tracking system than a hard real time safety 
system. 

Under large-scale workloads, the framework 
guarantees predictable and bounded systems 
performance: 99% of vehicle queries will be 
processed within 7.76 seconds, and all observed 
queries will complete within 10 seconds. This 
predictability is as crucial as the average latency – 
operational users in law enforcement and traffic 
management require the worst case scenario 
response time and not just the average. 
 
V. Discussion 
5.1 Comparison with Related Work 
Table II compares the proposed system with the 
four most closely related published systems with 
regard to 8 operationally relevant dimensions. 
Only systems for which functional prototypes and 
experimental data are reported are included in the 
selection. 

 
Table II. Feature Comparison with Related Tracking Systems 

Feature Proposed System IVATS [24] Plangi et al. [25] Zhou et al. [37] 

NPV Tracking ✓ Yes ✗ No ✗ No ✗ No 

Stream Processing Kafka + Storm Kafka + HBase Smartphone Apache Storm 

In-Memory Storage ✓ RAM ✗ Disk (HBase) ✗ No Partial 

VAT / Shadow Profile ✓ Yes ✗ No ✗ No ✗ No 

RSU Edge Deployment ✓ Yes ✗ No ✗ No Partial 

50,000+ Vehicle Scale ✓ Yes Multi-camera Small scale Urban sensors 

Sub-ms Write Latency ✓ 32 µs mean    

99th %ile Query (s) 7.76    

 
IVATS [24] is the most architecturally similar 
system that has been developed in the past, and is 
similar in its use of Apache Kafka for ingestion 
and HBase for storage, but was used to extract 

vehicle attributes from camera feeds. The 
important difference lies in how it will be stored. 
HBase is a distributed column store with disk 
persistence and fault-tolerant, but with disk I/O 
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overhead for both writes and reads. The system 
will replace disk storage with linked lists that are 
stored in RAM, thus decreasing write latency from 
the millisecond region to the 10 microsecond 
range. The downside is that in-memory state is not 
inherently durable: if a node crashes, the buffered 
records are lost until Storm replays from the last 
Kafka offset. Periodic checkpointing to a 
persistent store could fill the gap for those law-
enforcement applications that require full audit 
trails. 
The biggest difference between all the systems 
compared is the support of NPVs. There are no 
current systems that offer a means of road tracking 
of untethered vehicles. The VAT and shadow-
profile architecture proposed in this paper is 
unique to the proposed framework, and fills the 
gap that has been identified by literature review as 
the most consistently missing element in IoV 
tracking research. Partial solutions have been 
proposed by Plangi et al. [25] and Zhou et al. [37] 
in covering or scaling but both do not work with 
non-connected vehicles. It is noted that the sub-32 
µs mean write latency and the bounded query time 
of 7.76 s 99th percentile are not reported by any 
comparable system and cannot therefore be 
compared numerically without access to the 
original experimental environments. 
 
5.2 Significance of the Results 
Most practically relevant result is the confirmation 
that a unified PV and NPV tracking system can be 
in place and run at almost real-time speed, across 
a fleet of 50,000+ vehicles on commodity RSU 
hardware. With a mean write latency of 32 
microseconds, RAM-resident stream processing 
isn't just a nice idea, it's a performance that meets 
the requirements for continuous, high-frequency 
ingestion of vehicle data, without needing to rely 
on disk. More than 96% of the writes are 
completed within 300 microseconds, allowing the 
system to handle high volumes of traffic from 
urban areas. 
The query response time distribution is another 
story altogether, but also important. The system is 
well in the near real-time tier with a median of 
2.91 seconds and a 99th percentile of 7.76 
seconds. In order to be operationally acceptable 

for the target applications such as law enforcement 
queries, smart city dashboards, and retrospective 
incident investigations, a response must be 
delivered within a few seconds. Users' concerns in 
these environments are not so much with the 
absolute speed of the system, but with its 
predictability, that it will always respond within a 
known upper bound. The 10 second observed 
ceiling actually offers just that. 
It is also confirmed that the gap in NPV tracking 
which was found in the literature review can be 
filled without compromising system performance. 
The amount of time it takes to process a query on 
the VAT processing path for the non-participating 
vehicles did not perceptibly change the overall 
query latency for the entire fleet; the VAT 
processing path is executed in parallel with the 
Storm bolt operation, and the result of the VAT 
operation is stored in the same in-memory 
structure as the PV records. This can therefore be 
achieved with a latency cost that can be operated 
without any trouble by law-enforcement and 
traffic-management authorities and comprises the 
entire road population, not only the subset 
connected to the service. 
 
VI. Conclusion and Future Work 
Most practically relevant result is the confirmation 
that a unified PV and NPV tracking system can be 
in place and run at almost real-time speed, across 
a fleet of 50,000+ vehicles on commodity RSU 
hardware. With a mean write latency of 32 
microseconds, RAM-resident stream processing 
isn't just a nice idea, it's a performance that meets 
the requirements for continuous, high-frequency 
ingestion of vehicle data, without needing to rely 
on disk. More than 96% of the writes are 
completed within 300 microseconds, allowing the 
system to handle high volumes of traffic from 
urban areas. 
The query response time distribution is another 
story altogether, but also important. The system is 
well in the near real-time tier with a median of 
2.91 seconds and a 99th percentile of 7.76 
seconds. In order to be operationally acceptable 
for the target applications such as law enforcement 
queries, smart city dashboards, and retrospective 
incident investigations, a response must be 
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delivered within a few seconds. Users' concerns in 
these environments are not so much with the 
absolute speed of the system, but with its 
predictability, that it will always respond within a 
known upper bound. The 10 second observed 
ceiling actually offers just that. 
It is also confirmed that the gap in NPV tracking 
which was found in the literature review can be 
filled without compromising system performance. 
The amount of time it takes to process a query on 
the VAT processing path for the non-participating 
vehicles did not perceptibly change the overall 
query latency for the entire fleet; the VAT 
processing path is executed in parallel with the 
Storm bolt operation, and the result of the VAT 
operation is stored in the same in-memory 
structure as the PV records. This can therefore be 
achieved with a latency cost that can be operated 
without any trouble by law-enforcement and 
traffic-management authorities and comprises the 
entire road population, not only the subset 
connected to the service. 
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