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Information Freshness: How To Achieve It and Its Impact On Low-
Latency Autonomous Systems

Biplav Choudhury

(ABSTRACT)

In the context of wireless communications, low latency autonomous systems continue to grow
in importance. Some applications of autonomous systems where low latency communication
is essential are (i) vehicular network’s safety performance depends on how recently the ve-
hicles are updated on their neighboring vehicle’s locations, (ii) updates from IoT devices
need to be aggregated appropriately at the monitoring station before the information gets
stale to extract temporal and spatial information from it, and (iii) sensors and controllers in
a smart grid need to track the most recent state of the system to tune system parameters
dynamically, etc. Each of the above-mentioned applications differs based on the connectiv-
ity between the source and the destination. First, vehicular networks involve a broadcast
network where each of the vehicles broadcasts its packets to all the other vehicles. Secondly,
in the case of UAV-assisted IoT networks, packets generated at multiple IoT devices are
transmitted to a final destination via relays. Finally for the smart grid and generally for
distributed systems, each source can have varying and unique destinations. Therefore in
terms of connectivity, they can be categorized into one-to-all, all-to-one, and variable rela-
tionship between the number of sources and destinations. Additionally, some of the other
major differences between the applications are the impact of mobility, the importance of a
reduced AoI, centralized vs distributed manner of measuring AoI, etc. Thus the wide variety
of application requirements makes it challenging to develop scheduling schemes that univer-
sally address minimizing the AoI.

All these applications involve generating time-stamped status updates at a source which
are then transmitted to their destination over a wireless medium. The timely reception of
these updates at the destination decides the operating state of the system. This is because
the fresher the information at the destination, the better its awareness of the system state
for making better control decisions. This freshness of information is not the same as maxi-
mizing the throughput or minimizing the delay. While ideally throughput can be maximized



by sending data as fast as possible, this may saturate the receiver resulting in queuing, con-
tention, and other delays. On the other hand, these delays can be minimized by sending
updates slowly, but this may cause high inter-arrival times. Therefore, a new metric called
the Age of Information (AoI) has been proposed to measure the freshness of information that
can account for many facets that influence data availability. In simple terms, AoI is mea-
sured at the destination as the time elapsed since the generation time of the most recently
received update. Therefore AoI is able to incorporate both the delay and the inter-packet
arrival time. This makes it a much better metric to measure end-to-end latency, and hence
characterize the performance of such time-sensitive systems. These basic characteristics of
AoI are explained in detail in Chapter 1. Overall, the main contribution of this dissertation is
developing scheduling and resource allocation schemes targeted at improving the AoI of var-
ious autonomous systems having different types of connectivity, namely vehicular networks,
UAV-assisted IoT networks, and smart grids, and then characterizing and quantifying the
benefits of a reduced AoI from the application perspective.

In the first contribution, we look into minimizing AoI for the case of broadcast networks
having one-to-all connectivity between the source and destination devices by considering the
case of vehicular networks. While vehicular networks have been studied in terms of AoI
minimization, the impact of mobility and the benefit of a reduced AoI from the application
perspective has not been investigated. The mobility of the vehicles is realistically modeled
using the Simulation of Urban Mobility (SUMO) software to account for overtaking, lane
changes, etc. We propose a safety metric that indicates the collision risk of a vehicle and do
a simulation-based study on the ns3 simulator to study its relation to AoI. We see that the
broadcast rate in a Dedicated Short Range Network (DSRC) that minimizes the system AoI
also has the least collision risk, therefore signifying that reducing AoI improves the on-road
safety of the vehicles. However, we also show that this relationship is not universally true
and the mobility of the vehicles becomes a crucial aspect. Therefore, we propose a new met-
ric called the Trackability-aware AoI (TAoI) which ensures that vehicles with unpredictable
mobility broadcast at a faster rate while vehicles that are predicable are broadcasting at a
reduced rate. The results obtained show that minimizing TAoI provides much better on-road
safety as compared to plain AoI minimizing, which points to the importance of mobility in
such applications.

In the second contribution, we focus on networks with all-to-one connectivity where packets



from multiple sources are transmitted to a single destination by taking an example of IoT
networks. Here multiple IoT devices measure a physical phenomenon and transmit these
measurements to a central base station (BS). However, under certain scenarios, the BS and
IoT devices are unable to communicate directly and this necessitates the use of UAVs as
relays. This creates a two-hop scenario that has not been studied for AoI minimization in
UAV networks. In the first hop, the packets have to be sampled from the IoT devices to
the UAV and then updated from the UAVs to the BS in the second hop. Such networks are
called UAV-assisted IoT networks. We show that under ideal conditions with a generate-
at-will traffic generation model and lossless wireless channels, the Maximal Age Difference
(MAD) scheduler is the optimal AoI minimizing scheduler. When the ideal conditions are
not applicable and more practical conditions are considered, a reinforcement learning (RL)
based scheduler is desirable that can account for packet generation patterns and channel
qualities. Therefore we propose to use a Deep-Q-Network (DQN)-based scheduler and it
outperforms MAD and all other schedulers under general conditions. However, the DQN-
based scheduler suffers from scalability issues in large networks. Therefore, another type of
RL algorithm called Proximal Policy Optimization (PPO) is proposed to be used for larger
networks. Additionally, the PPO-based scheduler can account for changes in the network
conditions which the DQN-based scheduler was not able to do. This ensures the trained
model can be deployed in environments that might be different than the trained environ-
ment.

In the final contribution, AoI is studied in networks with varying connectivity between
the source and destination devices. A typical example of such a distributed network is the
smart grid where multiple devices exchange state information to ensure the grid operates
in a stable state. To investigate AoI minimization and its impact on the smart grid, a co-
simulation platform is designed where the 5G network is modeled in Python and the smart
grid is modeled in PSCAD/MATLAB. In the first part of the study, the suitability of 5G in
supporting smart grid operations is investigated. Based on the encouraging results that 5G
can support a smart grid, we focus on the schedulers at the 5G RAN to minimize the AoI. It
is seen that the AoI-based schedulers provide much better stability compared to traditional
5G schedulers like the proportional fairness and round-robin. However, the MAD scheduler
which has been shown to be optimal for a variety of scenarios is no longer optimal as it
cannot account for the connectivity among the devices. Additionally, distributed networks
with heterogeneous sources will, in addition to the varying connectivity, have different sized



packets requiring a different number of resource blocks (RB) to transmit, packet generation
patterns, channel conditions, etc. This motivates an RL based approach. Hence we propose
a DQN-based scheduler that can take these factors into account and results show that the
DQN-based scheduler outperforms all other schedulers in all considered conditions.



Information Freshness: How To Achieve It and Its Impact On Low-
Latency Autonomous Systems

Biplav Choudhury

(GENERAL AUDIENCE ABSTRACT)

Age of information (AoI) is an exciting new metric as it is able to characterize the freshness
of information, where freshness means how representative the information is of the current
system state. Therefore it is being actively investigated for a variety of autonomous systems
that rely on having the most up-to-date information on the current state. Some examples are
vehicular networks, UAV networks, and smart grids. Vehicular networks need the real-time
location of their neighbor vehicles to make maneuver decisions, UAVs have to collect the
most recent information from IoT devices for monitoring purposes, and devices in a smart
grid need to ensure that they have the most recent information on the desired system state.
From a communication point of view, each of these scenarios presents a different type of con-
nectivity between the source and the destination. First, the vehicular network is a broadcast
network where each vehicle broadcasts its packets to every other vehicle. Secondly, in the
UAV network, multiple devices transmit their packets to a single destination via a relay.
Finally, with the smart grid and the generally distributed networks, every source can have
different and unique destinations. In these applications, AoI becomes a natural choice to
measure the system performance as the fresher the information at the destination, the better
its awareness of the system state which allows it to take better control decisions to reach the
desired objective.

Therefore in this dissertation, we use mathematical analysis and simulation-based approaches
to investigate different scheduling and resource allocation policies to improve the AoI for the
above-mentioned scenarios. We also show that the reduced AoI improves the system perfor-
mance, i.e., better on-road safety for vehicular networks and better stability for smart grid
applications. The results obtained in this dissertation show that when designing communi-
cation and networking protocols for time-sensitive applications requiring low latency, they
have to be optimized to improve AoI. This is in contrast to most modern-day communication
protocols that are targeted at improving the throughput or minimizing the delay.
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Chapter 1

Introduction

Wireless communications have seen a tremendous rate of growth in the past two decades. The
coming of 5G and ongoing studies into 6G promises that this growth will only accelerate in the
future. This has led to many innovative applications like real-time streaming, remote surgery,
sensor monitoring, etc. that rely on high data rates with extremely high reliability. In these
applications, the communication technology acts as the backbone where any shortcomings in
the communication network will affect the system performance. Therefore, this era, where
the performance of any system relies on the fast and reliable transfer of information, depends
on a robust and reliable communication network as an enabler.

Network performance has been traditionally measured using metrics like end-to-end delay,
throughput, etc. However, when we consider time-sensitive monitoring and control applica-
tions, these metrics fail to capture the full picture. For example, delay can be minimized by
sending packets at a very low rate. However, this leads to a high packet inter-arrival time.
Similarly, high throughput can be obtained by operating the network into the saturation
region. However, this congests the network and the packets encounter high contention and
queuing delays at the source. This results in outdated packets being received at the receiver.
Therefore the network should ideally operate in a zone where the inter-arrival time is less
while ensuring packets are not delayed at the source.

Age of Information (AoI) is a recently proposed metric [63] that provides an indication of
how fresh the information is from the receiver’s point of view. AoI is able to capture both
the inter-arrival time and the delay, hence it is useful for measuring the network performance
in monitoring and control applications. To put it in simple words, it measures how much
the receiver is aware of the sender’s current state. The calculation of AoI is explained in
Fig. 1.1, and is inspired from [58]. A single source and destination pair is considered where
the source transmits packets to the destination over a wireless channel. At the source, the
packet generation instants are t1, t3 and those packets are received at the destination at t2, t4
respectively. The interval between the transmission and reception instant for a particular

1
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Figure 1.1: Age of Information

packet is that packet’s delay. Assuming that the initial AoI is ∆, AoI linearly increases until
a packet is received at t2, at which the AoI reduces to the packet delay. In a similar manner,
the AoI increases linearly again until the next packet is received. Finally, the area under
the resulting saw-tooth patterned plot is divided by the total observation interval to get the
average AoI between the pair of sender and receiver.

Specifically, when we consider time-sensitive applications, a low AoI is desirable and due to
this, AoI has been a topic of active research for the past few years [67]. It was first studied
in the context of vehicular networks [34, 62]. Other areas of AoI applications include sensor
monitoring, [64], data storage [59], caching [124], video monitoring [50] etc. Related AoI
metrics like Peak AoI (PAoI), Trackability-aware AoI (TAoI), Age of Incorrect Information
(AoII), Value of Information (VoI), etc. have also been proposed that tries to relate the
AoI with some other performance metric related to the system. The primary objective in
these works is how to effectively utilize the system resources so that the system AoI/PAoI/-
TAoI/AoII/VoI is minimized. In order to achieve this, tools from stochastic analysis [80, 81],
machine learning [21, 33, 70], game theory [48, 90] etc. have been used.
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1.1 Motivation and Contributions

In this dissertation, we investigate different scheduling schemes to help achieve a low AoI
across three different autonomous systems that rely on low-latency communications. The
applications are primarily categorized in terms of the connectivity between the source and
the destination. As shown in Fig. 1.2, each of the three systems have a different nature
of connectivity. The first type is the broadcast network where packets from each node is
transmitted to every other node, leading to a one-to-many relationship between the source
and destination. Vehicular networks are a prime example of this type. The second type of
connectivity is many-to-one, where packets from multiple sources arrive at a single desti-
nation. We also consider the presence of a relay between the source and the destination,
representative of UAV-assisted IoT networks. Here, packets from multiple IoT devices are
transmitted to a base station via UAVs that act as relays. Finally, the third type of connec-
tivity is distributed networks where each source is connected to different destination devices.
One example is a smart grid where measurements from different parts of the grid are used
at various controllers to maintain a stable operating state. In addition to the nature of
connectivity, other major differences between the three applications considered in this dis-
sertation are the resources being allocated for scheduling, centralized vs distributed manner
of measuring AoI, impact of mobility, the objective in improving AoI, etc. These differences
make it challenging to design scheduling schemes that universally address AoI minimization
across different types of applications.

1.2 Age of Information: its role and limitations in terms
of safer V2V networks

First, in Chapter 2, we look into AoI minimization in broadcast networks. Broadcast net-
works involve a one-to-all relationship between the source and destinations. A typical ex-
ample of a broadcast network is a vehicular network. While there are existing works on
minimizing AoI in vehicular networks, they have two main shortcomings - (i) they do not
account for the vehicle’s mobility in the AoI, and (ii) the improvement in system performance
from a reduced AoI is not investigated. To address these shortcomings, we do a simulation-
based study to investigate the effect of the packet broadcast rate on the system AoI in an
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802.11p Dedicated Short Range Communication (DSRC) vehicular network using the ns3
simulator. Vehicular networks are examples of broadcast networks where each vehicle tries
to communicate its packets to all other vehicles in its range. We propose a new safety met-
ric called the Collision Risk (CR) based on the localization accuracy of the vehicles, that
takes into account both the network and mobility characteristics. The results indicate that
the broadcast rate that minimizes the system AoI also minimizes the collision risk, thereby
maximizing the on-road safety of the network. We also see an interesting relation between
the AoI optimal rate and the throughput optimal rate - while the two rates are far apart
at lower vehicle densities, they approach each other as the vehicle density increases. The
next part of the study builds on the above results while taking more practical aspects of
vehicular networks into consideration. We use the Simulation of Urban Mobility (SUMO)
toolbox to model the vehicle movements as realistically as possible, where overtaking, lane
changes, etc. are considered. We also allow the vehicles to use location estimation algorithms
as mandated in standard Society of Automotive Engineers (SAE) J2945/1 to estimate the
location of the neighboring vehicles during instants of no packet receptions. This presents an
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interesting scenario: vehicles with predictable mobility patterns can be easily tracked with
location estimation algorithms. However, for the unpredictable vehicles, they need to con-
stantly broadcast their packets as the location estimation algorithm cannot track them well.
Using these insights, we propose a new metric called the Trackability-aware AoI (TAoI) that
takes into account the mobility in addition to the AoI. We also propose a new broadcast
rate algorithm based on minimizing the TAoI that exceeds the safety performance of the
AoI-based broadcast rate algorithm and the standard 10 Hz broadcast rate.

The specific contributions in this chapter are-

• Designed a metric called collision risk that takes into account both the network per-
formance and mobility aspects of the vehicles.

• Demonstrated the relation between the AoI and the on-road safety of the vehicular
network based on minimizing the collision risk.

• Proposed a new variant of AoI, called TAoI, that takes both the mobility and the AoI
into account. We show that TAoI minimization achieves a better result in the on-road
safety compared to plain AoI minimization.

The work presented in this chapter has led to the following publications-

• Choudhury, B., Shah, V. K., Dayal, A., Reed, J. H. (2020, May). Experimental
analysis of safety application reliability in V2V networks. In 2020 IEEE 91st Vehicular
Technology Conference (VTC2020-Spring) (pp. 1-5). IEEE.

• Choudhury, B., Shah, V. K., Dayal, A., Reed, J. H. (2021, May). Joint age of
information and self risk assessment for safer 802.11 p based V2V networks. In IEEE
INFOCOM 2021-IEEE Conference on Computer Communications (pp. 1-10). IEEE.

1.3 Learning-based Age of Information-minimizing schedul-
ing in UAV-relayed IoT Networks

In Chapter 3, we focus on the other type of connectivity seen in wireless networks which is
called the all-to-one type. Here multiple source devices transmit their packets to a single
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destination. An example is IoT networks where multiple IoT devices measure a particular
physical phenomenon and transmit these measurements to a base station (BS). The existing
studies on AoI minimization in IoT networks usually consider a single-hop network where the
packets are directly transmitted from the IoT devices to the BS. However, there are scenarios
in which a base station is not available (remote or disaster-struck regions) due to which
UAVs have been deployed to act as relay units. These UAVs collect the packets generated
by IoT devices and forward them to the nearest BS. Such networks are called UAV-assisted
IoT networks. This presents a unique two-hop scenario where the first hop is between the
device and a UAV, and the second hop is between the UAV and the BS. This is different from
traditional one-hop scheduling which has been the subject of focus in most of the recent works
on AoI in UAV networks. In our scenario, each time step involves two actions: first, sampling
of the packets from the IoT devices by the UAVs, and secondly, updating the sampled packets
from the UAVs to the BS. We prove, via mathematical analysis and simulations, that under
ideal conditions of generate-at-will packet generation at the IoT devices and no packet loss at
the channels, a Maximal Age First - Maximal Age Difference (MAF-MAD) scheduler has the
best AoI minimization performance. However, under general conditions, a Deep Q Network
(DQN) based scheduler is able to outperform the MAD scheduler as it is able to learn the
network characteristics like the periodicity of packet generation at the IoT devices and packet
loss of the channels. However, DQN has an inherent drawback of scalability where it is not
able to converge for large action spaces. Therefore to account for this, we propose another
variation of deep reinforcement learning called Proximal Policy Optimization (PPO) that
doesn’t have this drawback. Additionally, the PPO scheduler is able to adapt to changing
network conditions which the DQN scheduler is not able to do.

The specific contributions in this chapter are-

• Considered AoI minimization for UAV-assisted IoT networks with two time-ordered
steps, i.e., sampling and updating of packets from UAV devices to a base station via
UAVs as relays.

• Proposed MAD scheduler and its optimality in AoI minimization in such two-hop
networks is shown via mathematical analysis and simulations.

• Proposed a DQN-based scheduler for general conditions which outperforms MAD and
other schedulers.
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• Proposed a PPO-based scheduler that scales to larger networks and adapts to changing
network conditions better than the DQN-based scheduler.

The work presented in this chapter has led to the following publications-

• Choudhury, B., Shah, V. K., Ferdowsi, A., Reed, J. H., Hou, Y. T. (2021, October).
AoI-minimizing Scheduling in UAV-relayed IoT Networks. In 2021 IEEE 18th Inter-
national Conference on Mobile Ad Hoc and Smart Systems (MASS) (pp. 117-126).
IEEE.

• B. Choudhury, P. Karmakar, V.K. Shah, J. H. Reed, “Learning based AoI minimizing
scheduling policies for Age of Information minimization in two-hop UAV-assisted IoT
networks”, submitted to IEEE Transactions on Wireless Communications.

1.4 Design and Analysis of AoI-Optimal 5G Schedulers
in Smart Grid

Finally, Chapter 4 deals with AoI minimization for networks with a variable type of connec-
tivity where each source can have a different number of destinations. They are usually seen
in distributed networks where information from one device is sent to multiple other devices,
and an example is a smart grid. A smart grid consists of multiple devices called distributed
energy resources (DERs), and they communicate with one another to ensure the grid oper-
ation remains stable. Currently, smart grid connectivity is implemented using optical fiber
cables which is expensive and cannot be scaled easily as additional components are added to
the grid. Due to this, 5G is being actively investigated as an enabler of the communication
among smart grid components. Hence we first design a co-simulation environment where the
performance of smart grid applications is analyzed under a 5G network by focusing on the
Radio Access Network (RAN) scheduling. The 5G environment is implemented in Python
and the smart grid is simulated in PSCAD/MATLAB, and an interface is developed for
them to work together. The initial experiments are done to find out if 5G can support time-
critical smart grid operations. Based on the encouraging results that 5G is able to support
the considered applications reliably, we then propose AoI minimizing schedulers at the RAN
(maximal age difference, maximal age first) and compare them to standard 5G schedulers
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like round-robin, proportional fairness, etc. The results obtained show that the AoI-based
schedulers have a better AoI performance than the standard 5G schedulers due to which the
smart grid applications show improved stability, with the maximal age difference (MAD)
being the best performing scheduler. Hence as smart grids become one of the important
5G application areas, the results obtained show the need to design better smart grid-centric
schedulers that target minimizing AoI. Then for the general case of distributed networks with
heterogeneous sources, we show that the MAD scheduler is not the optimal one as it cannot
account for factors like a different number of destinations for each source device, varying
resource block requirements per device, channel qualities, and traffic generation patterns,
etc. Therefore a reinforcement learning-based approach is suitable under such situations and
we propose a DQN-based scheduler that outperforms all other considered schedulers under
all considered settings.

The specific contributions in this chapter are-

• Designed a co-simulation platform to simulate the effect of communication-specific
effects like delays, packet loss, etc on the stability of the smart grid.

• Demonstrated that 5G can reliably support smart grid applications. Additionally, we
show that AoI minimizing 5G schedulers provide more stability to the smart grid as
compared to traditional 5G schedulers like round-robin and proportional fairness.

• Evaluated the MAD scheduler’s AoI minimization in distributed networks and showed
that MAD is no longer optimal here due to its inability to take into account the varying
connectivity among devices.

• Proposed a DQN-based scheduler to account for the varying connectivity and hetero-
geneous sources which outperforms MAD and all other schedulers.

The work presented in this chapter has led to the following publications-

• B. Choudhury*, R. Iyer*, V. K. Shah and A. Mehrizi-Sani, “Power Systems Perfor-
mance under 5G Radio Access Network in a Co-Simulation Environment,” 2021 IEEE
30th International Symposium on Industrial Electronics (ISIE), 2021, pp. 01-06, doi:
10.1109/ISIE45552.2021.9576295.
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• B. Choudhury, R. Iyer, A. Mehrizi-Sani, V. K. Shah, and J. Reed, “Design and
analysis of age-optimal 5G schedulers for distributed control of microgrids”, submitted
to IEEE Systems Journal.

• B. Choudhury, P. Karmakar, V. K. Shah, and J. Reed, “Learning based Age of
Information Minimization in 5G-enabled Distributed Networks”, to be submitted.

Note: * signifies equally contributing authors.

The following publications are not included in this dissertation:

• Dayal, A., Shah, V. K., Choudhury, B., Marojevic, V., Dietrich, C., Reed, J. H.
(2021, June). Adaptive Semi-Persistent Scheduling for Enhanced On-road Safety in
Decentralized V2X Networks. In 2021 IFIP Networking Conference (IFIP Networking)
(pp. 1-9). IEEE.

• S. Javad, V. K. Shah, Q. Fan, B. Choudhury, L. Liu, and J. H. Reed “On the
Joint Optimization of Number, Placement and Backhaul Connectivity of Multi-UAV
Networks”, submitted to IEEE IoT journal.

• G. Naik, B. Choudhury, J. M. Park, (2019). IEEE 802.11 bd and 5G NR V2X:
Evolution of radio access technologies for V2X communications. IEEE access, 7, 70169-
70184.



Chapter 2

Age of Information: Its Role and
Limitations In Achieving Safer V2V
Networks

Vehicle-to-Vehicle (V2V) communications is envisioned as one of the key enablers for In-
telligent Transportation Systems (ITS), mainly due to its potential in improving on-road
safety in tomorrow’s smart cities [4]. The two major standards for V2V communications
are the IEEE 802.11 based Dedicated Short Range Communication (DSRC) and LTE-based
Cellular-V2X (C-V2X). DSRC uses 802.11p to establish a decentralized network where every
vehicle transmits at fixed time intervals, usually 100 ms [88]. C-V2X, on the other hand, was
developed in the Release 14 of 3GPP and is a cellular technology with the additional capa-
bility of using sidelink interface PC5 for direct V2V communications. Newer versions of both
DSRC and C-V2X are being developed, respectively called as 802.11bd and NR-V2X [88].

The three major applications that will be supported by V2V communications are - (i) Safety
Applications - vehicles periodically broadcast their kinematics parameters (such as vehicle
position, speed etc.) in messages called Basic Safety Messages (BSMs) [114], (ii) Cooperative
Message Applications - these are cooperative traffic efficiency messages controlled by traffic
management systems with the objective of improving traffic flow [31], and (iii) Media Shar-
ing - vehicles can share infotainment content in a peer-to-peer fashion [51]. In this work, we
consider a 802.11p V2V network communicating using DSRC standard where the focus is on
safety applications. BSMs carry time-sensitive safety-critical information such as the sender
vehicle’s location, speed and heading, which upon reception, allows a receiving vehicle to ac-
curately localize the nearby sender vehicles. Thus, BSMs enable several safety applications
like cooperative collision warning (CCW) [101], electronic emergency brake light (EEBL)
[111] and slow/stopped vehicle alert (SVA) [55] by minimizing the number of collision risky
situations. Therefore it is critical that the location information in a BSM is up-to-date and

10
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fresh, as old location information doesn’t provide any benefit from a safety point-of-view.
To quantify this freshness of information, Age of Information (AoI) has been introduced as
a new metric and is defined as the time elapsed since the last BSM was generated [63]. In
the context of safety applications and BSMs, lower AoI means fresher location information
which makes AoI one of the key indicators to measure the performance of time-sensitive
safety applications in V2V networks.

This is because safety beacons facilitate accurate positioning or localization of neighbor-
ing vehicles. In such V2V networks, it is imperative that the safety beacons are not lost due
to packet collisions resulting from congestion, and that the beacons are up-to-date and fresh.
Lost or outdated safety beacons will negatively impact the reliability of safety applications
as it will increase the occurrence of collision risky situations; due to the wrong localization of
neighboring vehicles or in other words, high tracking error. Tracking error is the difference
between a vehicle’s actual location and perceived location of that vehicle by its neighbors
(via safety beacons), and more on this will be explained in detail in the upcoming sections.
Safety beacon rate, i.e., the rate at which beacons are broadcast, becomes a critical param-
eter in order to ensure a safe tracking error. In DSRC standard, it is set to 10 Hz, which
may not work well in all V2V network scenarios [88]. Consider the following two instances:
(i) high vehicle density scenarios - the V2V network would likely suffer from high channel
congestion and undesirable level of packet collisions even when beacon rate is as low as 10
Hz, and (ii) low vehicle density scenarios - the reliability of safety applications can be further
enhanced with beacon rates above 10 Hz, as higher beacon rates would improve the freshness
of the information and packet collisions do not worsen (because the channels can support
higher beacon rate for fewer vehicles).

In recent years there has been a growing body of research on minimizing the AoI in V2V net-
works (and various other communication networks) [20, 27, 28, 35, 62, 63, 74, 77, 80, 92, 117].
For instance in [63], the authors propose a distributed broadcast rate control algorithm for
a DSRC network that minimizes system AoI by iteratively minimizing the locally computed
AoI at each vehicle. Refer to Sec. 2.1 for detailed discussion on related works. These
prior works propose to minimize AoI and present AoI based rate control algorithms with the
consideration that lower AoI will always result in better safety performance in V2V networks.

We perform a comprehensive investigation of the safety applications reliability against vary-
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ing safety beacon rates and vehicle densities through experimental analysis based on ns-3
network simulator. We utilize Collision Risk as the metric for safety application reliability,
which is computed using a kinematics-based model based on tracking error. We observe
that there exists an optimal beacon rate for which the collision risk is minimized, and this
optimal rate is unique for varying vehicle densities. For instance, in our experiments, the
safety-optimal beacon rate for 50 vehicles/km is 25 Hz whereas it is 10 Hz for 200 vehicles/km.

However when taking in practical considerations like tracking ability of the vehicles, we
demonstrate that minimizing AoI does not always improve on-road safety performance in
V2V networks. This is mainly because AoI solely depends upon the time instants of the
BSM generation and reception [81], and does not take into account – (i) Value of BSM in-
formation - does the reception of a BSM at a certain receiving vehicle actually reduce the
collision risk posed by the sender vehicle?, and (ii) Current knowledge of the receiver vehicle
– what does the receiver already know about the sender vehicle, for example, using tracking
capability (as per SAE J2945 [18])? To counter these shortcomings of AoI, we propose a
novel metric, termed Trackability-aware Age of Information (TAoI), that jointly considers
AoI and the self risk assessment of vehicles, measured as the self trackability of the vehicles.
In general, trackability refers to how accurately the location of a vehicle can be estimated
by a neighbor1 vehicle (based on its most recently received BSM), and better trackability
means better on-road safety (as shown in Sec. 2.5). However, since 802.11p V2V networks
are decentralized networks, we consider that each vehicle assesses its own trackability be-
havior (i.e., either trackable or non-trackable) at certain pre-specified time intervals, termed
measurement intervals, and piggybacks this information in the BSM broadcasts. This allows
the receiving vehicles to identify the trackability behavior of sender vehicle. Our extensive
simulation experiments based on realistic SUMO traffic traces and ns-3 network simulator
show that the proposed TAoI based BSM broadcast rate control protocol significantly out-
performs both the baseline 10 Hz broadcast rate (up to 40%) and AoI based rate control
algorithm (up to 12%), in terms of improving on-road safety, i.e., collision risk reduction, in
all considered V2V scenarios. Furthermore, we also witness that the packet delivery ratio is
much better in case of TAoI compared to that of AoI, with similar or lower usage of commu-
nication channel resources. To the best of our knowledge, this is the first work that proposes
to improve on-road safety of V2V networks by jointly taking into account – the AoI and self
risk assessment of vehicles.

1neighbor vehicle means vehicles within the radio transmission range.
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This chapter is organized as follows. Sec. 2.1 discusses the related works in terms of AoI and
vehicular networks. Sec. 2.2 describes the tracking error and collision risk whereas Sec. 2.3
presents the two network metrics, i.e., AoI and throughput. Sec. 2.4 details the experimental
analysis. Then Sec. 2.5 presents the system model under the SUMO mobility model. Sec.
2.6 explains the limitations of AoI when considered for safety of vehicles. Sec. 2.7 presents
an overview of proposed metric TAoI, while Sec. 2.8 discusses the details of TAoI aware rate
control algorithm. Sec. 2.9 describes the results, followed by conclusions in Sec. 2.10.

2.1 Related Work

This section discusses the related works on safety performance, AoI and throughput in the
context of V2V networks.

In [76], the authors analyzed the effect of beacon rate on network performance of safety
messages in V2V networks, and developed a framework to recommend beacon rates based
on the message utility maximization. Remote mobility estimators were used in [76] and
[91] to control tracking error using adaptive beacon rates. The authors used Channel Busy
Ratio (CBR) for controlling beacon rate in [45] to improve safety information dissemination
range. [40] and [78] define risk metrics based on the vehicle dynamics and traffic situation,
which are then used to select beacon rates. In [105], an adaptive beacon rate algorithm was
designed to improve safety in terms of beacon inter-reception time. All these works focus on
improving safety performance via controlling beacon rates. On contrary, this chapter inves-
tigates the relationship of safety performance with varying vehicle densities and queue sizes
and disciplines, in addition to beacon rates. Furthermore, we investigate the interconnection
of safety application reliability with two network metrics, i.e., AoI and Throughput.

AoI was introduced in [63] and a distributed algorithm for rate adaptation to reduce AoI was
proposed in it. In [27], the authors develop an analytical model that takes into account the
Carrier Sense Multiple Access (CSMA) contention to improve the AoI in a V2V network.
Llatser et al. [74] simulated a convoy of automated vehicles where AoI was analyzed along
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with other parameters for changing convoy-size and beacon rates. A centralized scheduling
scheme for beacon broadcasting was designed in [92] to minimize AoI and it was shown to
outperform DSRC in terms of fairness and number of effective neighbors. Other papers that
deal with AoI can be found in [68]. On the other hand, throughput is a classical metric and
it has been well studied for various networks. [49] lists several of the works that analyses
throughput in V2V networks. However, none of these works investigate their interconnection
with safety performance, which is a key requirement to minimize collision risky situations.

Rate (or broadcast interval) control has been actively investigated as a means of reduc-
ing the AoI in vehicular networks. The analytical model formulated by Baiocchi et al. in
[27] uses the connectivity graph of the network to demonstrate the relationship of average
system AoI with vehicle density and broadcast intervals. Llatser et al. [74] considered a con-
voy of vehicles and analyzed the change in AoI with changing broadcast intervals and convoy
size. A similar case of platooning was considered in [77] where the European Telecommuni-
cation Standards Institute’s (ETSI) Decentralized Congestion Control (DCC) was analyzed
in terms of AoI performance - it was shown that DCC’s AoI can be improved by modifying
its broadcast intervals to target a specific Channel Busy Ratio (CBR). In [117], Vinel et al.
show that 100ms broadcast interval for Cooperative Awareness Messages (CAM), European
equivalent of BSM, reduces AoI better compared to mobility based CAM triggering process
defined in ETSI EN 302 637-2 [6]. Our work is closest to [63] where a decentralized broad-
cast rate control algorithm was implemented that improves the system AoI, by iteratively
minimizing the locally computed AoI at each vehicle.

In addition to rate control, other approaches that have been used to improve AoI are pig-
gybacking neighbor’s information [62], Eigen-vector Centrality (EvC) of the topology [28],
optimal contention window [80], machine learning [21] etc. However considering we focus on
rate control, these approaches are out-of-scope with respect to our chapter.

The prior works has several limitations – (i) none of these AoI based rate control proto-
col works evaluate how AoI improves the on-road safety metric, i.e., collision risk reductions.
It is worth noting that very recently the authors in [35] performed experimental analysis on
AoI and safety metrics. However, they consider a simplistic highway model which does not
capture the realistic vehicle mobility behaviors. (ii) On similar lines, most of existing work
consider over-simplified vehicle mobility models, with no lane changing or acceleration/de-
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celeration behaviors, and finally (iii) prior work adopt a risk-neutral approach to AoI - where
each vehicle is given the same importance in reducing their AoI. In this work, we address
these limitations by proposing a novel TAoI metric and subsequently a TAoI based broadcast
rate control protocol for improving on-road safety of V2V networks.

2.2 Tracking Error and Collision Risk

The calculations for the tracking error and the resultant collision risk are explained below:

2.2.1 Tracking Error

Consider a basic transmitter vehicle and a receiver vehicle that sends and receives safety
beacons, respectively. Let the most recent beacon from sender u to receiver v carry the
information that u’s location is xt

′
1
uv, which is true at the packet generation time t′1. At time

t1 when the beacon is received, the position of u has changed to xt1u . The tracking error at
v while tracking u at time t1 with a reception is [91]:

δpost1uv = |xt1u − xt
′
1
uv|, where t′1 < t1 (2.1)

We consider x-coordinate to calculate the tracking error as the vehicles move in x-direction
only. See Sec.2.4.1 for details. The error in Eqn.2.1 occurs because (i) the beacon takes
non-zero time to be delivered to the receiver after being generated, and (ii) the sender
would likely move a certain distance during this time period. For large time delays, the
beacon’s information is relatively outdated. Packet losses will further deteriorate this error.
If there were beacon receptions at instants t1 and t2 whose generation times are t′1 and t′2

respectively, the errors at times t1 and t2 are calculated using Eqn.2.1. At times t̃ with no
beacon receptions, where t1 < t̃ < t2, we compute the tracking error at vehicle v at time t̃,
as follows:

δpost̃uv = |xt̃u − xt
′
1
uv| (2.2)

where xt̃u is the location of vehicle u at time instant t̃, which can be computed as the product
of vehicle u’s speed and time difference |t̃− t1|. xt

′
1
uv is the location of u as per the last beacon

received at vehicle v from vehicle u at t1. Therefore the tracking error is calculated using
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Eqn.2.1 at instants of beacon reception and Eqn.2.2 at instants of no reception.

In the observation interval T , the average tracking error for a certain vehicle pair u − v, is
δposuv = 1

T

∫
T
δpostuv, where t represents any instant in the observation interval T .

2.2.2 Collision Risk

Time To Collision (TTC) for a pair of vehicles is defined as the time taken for the distance
between the pair of vehicles to become 0, which denotes a possible collision between them. We
relate the collision risk to the error in the TTC, which results from the tracking error. Every
vehicle continuously monitors the TTC with respect to its neighbors as it is a key indicator
of safety application reliability [40]. High TTCs mean that the neighboring vehicles are far
apart and there is no immediate threat of collision and vice versa.

At any time t, the receiver v calculates TTC to its neighbor u based on the beacon sent by
u as:

TTCt
uv,calc = |

1

suv
(xtv − xt

′

uv)| (2.3)

xtv is v’s actual position at time t and xt′uv is u’s location as per the last beacon received at
v from u with generation time t′. suv is the relative velocity between them. But, the actual
TTC at time t is:

TTCt
uv,act = |

1

suv
(xtv − xtu)| (2.4)

as at t, sender u is at xtu and not xt′uv. So the tracking error affects the TTC calculation. This
TTC error at any time t can be calculated as the absolute value of the difference between
Eqn.2.3 and Eqn.2.4, and is equal to δTTCtuv = δpostuv

suv
. In the observation interval T , the

average TTC error for u-v is:

δTTCuv =
1

T

∫
T

δTTCtuv =
δposuv
suv

(2.5)

This δTTCtuv can lead to risky situations and its significance in collision warning was studied
in [102]. E.g. suppose v has overestimated/underestimated the TTC to u and is about to
take a route/maneuver decision based on this erroneous value of TTC. Such a situation can
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be safely averted by manual intervention if the time taken by the driver to react and apply
the brakes to make the vehicle stop is less than δTTCtuv. But if this error exceeds the driver’s
controllability, it presents a risky scenario. We classify the scenario to be risky if:

δTTCuv > treact + tbrake (2.6)

We use a Gaussian distribution to model the speeds of the vehicles with a mean of 25 m/s
and a variance of 3 m/s [42]. treact is taken to be 1s [40] and is the time taken by the driver
to respond to the situation and apply the brakes. We take the common deceleration of all
the vehicles as 4.6 m/s2 [40], and this leads to a value of tbrake = 5.43 s for the vehicles to
come to a complete stop. Eqn. 2.6 then becomes: δTTCuv > 6.43 s for a scenario to be risky.

For every simulation performed, we count the proportion of the vehicle pairs whose δTTCuv
exceeded 6.43 s during the interval they communicated. This is taken as the measure of the
overall safety performance of the network. The logic is that if δTTCuv was under threshold
for a particular pair, the receiver’s routing/maneuver decisions would have considered the
correct location of the sender most of the times. So it is unlikely that the receiver’s actions
will cause any collisions. It should be kept in mind that the TTC error arises solely due to
the tracking error, which in turn arises due to the delay and packet loss in the communica-
tion. Thus the safety performance is being measured from a purely communications point
of view, and no other phenomenon is considered.

2.3 Age of Information and Throughput

In this section, we briefly discuss two network metrics, i.e., Age of Information (AoI), and
Throughput. We then study their interconnection with safety performance, i.e., collision
risk, under various V2V scenarios.

2.3.1 Age of Information (AoI)

AoI at the receiving vehicles is calculated as the time elapsed since the received beacon was
generated at the sender until the beacon’s reception time. It is equal to the end-to-end
delays at the instants of reception, with linear increase between receptions. While delay is
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associated with the packets and is undefined when there is no reception, AoI can be thought
of as a continuous variable that is defined for the entire observation interval. We define the
observation interval T as the interval between the reception of the first and the last beacons
between a sender and a receiver. The average AoI is calculated as the total area under
the AoI plot normalized by the observation interval [63], i.e. △uv = 1

T

∫
T
△t
uv, where △t

uv

represents the AoI of vehicle u’s information at vehicle v. It is calculated as △t
uv = t− g(t)

at instant t, with g(t) being the generation time of the most recent packet received by v.
The system AoI with N vehicles is calculated across N(N − 1) unique pairs of sender and
receiver as:

△ =
1

N(N − 1)

∑
u

∑
v ̸=u

△uv (2.7)

More details on AoI will be provided in Sec. 2.6. As our work is focused on safety applications,
we don’t consider LCFS queues of sizes more than 1, as having a bigger LCFS queue provides
no practical utility in terms of time-sensitive information. This is because an LCFS queue
will send out the most recently generated packet first making the older packets wait, and
these older packets do not add any value to the receiver vehicle after the newer packet has
been received. They are differentiated as informative and non-informative packets [112].
However for the sake of completeness, we show the variation of AoI in a specific case with
LCFS queues in Fig. 2.1. It can be seen that in LCFS, queue sizes do not make a big
difference in AoI. In the rest of our analysis, we won’t be showing the LCFS results as LCFS
of the considered queue sizes (1,5,10,100 packets) perform very close to a FCFS queue of size
1 as per Fig.2.12. Therefore, the AoI performance of an LCFS queue can be roughly assumed
to have a performance similar to that of an FCFS for queue size 1. The reception of non-
informative packets do not lead to any reduction in AoI [112]. This can also be understood
in terms of tracking error: once the recent location of a vehicle is known via a recent beacon,
the location information obtained from the older beacons that are transmitted after the
newer beacon in an LCFS queue do not add any value. Tracking error for any LCFS queue
then becomes similar to the tracking error of an FCFS queue of size 1. As collision risk
is computed directly from the tracking error, the above property of LCFS queue applies to
collision risk in LCFS queues too.

2a small but negligible AoI difference between queue sizes of 1 and 100 can be noticed for 200 veh/km.
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Figure 2.1: Age in an LCFS queue
2.3.2 Throughput

Throughput is a measure of the rate of data transfer, and it is calculated as the total data
transferred in the entire simulation. Taking τ as the observation interval and K as total
packets transferred in that duration, total throughput = K

τ
packets per second. Average

throughput per vehicle can be obtained by normalizing the total throughput with the number
of vehicles. Throughput is not affected by LCFS/FCFS, and the performance of an LCFS
queue would be exactly same as than of a FCFS queue of the same size.

2.4 Experimental Analysis

This section describes the simulation setup, followed by performance analysis of safety ap-
plication reliability, i.e., collision risk and two network metrics, i.e., AoI and Throughput,
against varying beacon rates and vehicle densities.

2.4.1 Simulation Setup

We utilize Network Simulator 3 (ns-3) for our experimental study. We consider that the
vehicles are placed uniformly along a 3-lane highway of length 1 Km. The vehicles move
along the highway at constant speeds along the x-axis without any lateral movement across
the lanes, until the simulation ends. Unless otherwise stated, the beacon/transmission rates
were varied from 1 Hz to 80 Hz, and a small random number is added to this rate to ensure
that all the vehicles do not attempt transmission at the same time [63]. The packet sizes are
set to 320 bytes The queue sizes are varied between 1, 5, 10 and 100 packets, and the queue
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discipline is FCFS. Recall LCFS is equivalent to FCFS with size 1, irrespective of queue sizes
for LCFS. A list of the important parameters used in the simulation along with their values
are given in Table 2.1.

Table 2.1: Parameters used to set up the simulation

Parameters Value
Vehicle Density 50 veh/km - 200 veh/km

Number of Lanes 3
Lane Width 4 m
Packet Size 320 bytes
Data Rate 6 Mbps
Loss Model Log Distance Propagation Loss

Path Loss exponent γ = 3
Channel Frequency 5.9 GHz
Channel Bandwidth 10 MHz

Vehicle Speeds N(25 m/s, 3 m/s)
tbrake 5.43 s
treact 1 s

Antennas/Spatial Streams 1/1

2.4.2 Experimental Results

Next, we discuss the comparative analysis of collision risk, AoI, and throughput against
varying rates and densities.
Collision Risk Analysis: Fig. 2.2 depicts how collision risk varies with varying beacon

rates, under considered vehicle densities of 50 vehicles/Km and 200 vehicles/Km. Collision
risk is minimal at 25 Hz for 50 veh/km whereas 10 Hz for 200 veh/km, which means that
there is a unique beacon rate for a certain vehicle density that maximizes the safety ap-
plication reliability. Furthermore, note that there exists a convex relationship between the
collision risk and beacon rates, which hints that gradient-descent algorithms may be utilized
to analytically determine the optimal safety-optimal beacon rate (which will be a part of
our future work). From this analysis, it is clear that enforcing a fixed beacon rate of 10
Hz (by DSRC standard) may not be optimal in all V2V scenarios. Regarding the queuing
sizes, collision risk remains unaffected for lower beacon rates, however, it increases gradually
after 35 Hz for lower vehicle density, and after 25 Hz for higher vehicle density. Longer
queues perform poorly compared to that of shorter queues, and interestingly, queue size 1

performs the best. These observations can mainly be credited to its correlation with AoI
(next paragraph).

AoI Analysis: Fig.2.3 depicts the relationship between AoI and safety beacon rates under
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Figure 2.2: Collision risk vs Beacon rates

varying vehicle densities. Similar to collision risk, it is interesting to see that AoI is also a
convex function of beacon rate. More interestingly, the AoI-optimal beacon rate is the same
as the safety-optimal beacon rate, for both the considered vehicle densities. This is an impor-
tant result as it establishes that AoI and safety application reliability are highly correlated,
and safety application’s beacon rate algorithm can reliably undertake AoI minimization as
the sole objective, rather than safety application reliability3.

Similar to collision risk, AoI also remains unaffected for lower beacon rates, and after optimal
beacon rate, it increases gradually for both the density scenarios. Smaller queues have lower
AoI and this can be largely attributed to lower queuing delays. Fig. 2.4 shows that delays
are lower for shorter queues, which in turn results in lower AoI and vice-versa. At very high
beacon rates, the network becomes saturated, which results in a saturation in AoI, as also
pointed out in the literature [27].

An important observation is that at lower beacon rates, delay is less (Fig.2.4) as the channel
resources are available whereas the collision risk is very high (Fig. 2.2). This shows that
lower delay doesn’t guarantee higher safety performance. However similar to collision risk,
AoI is higher for both lower and higher beacon rates. AoI is higher for lower beacon rates
due to the high inter-arrival times while at higher beacon rates, AoI is higher mainly due to
higher queuing delays.

3Computing safety application reliability, i.e., collision risk, in real-time is very hard in V2V networks
compared to that of AoI, a network metric.
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Figure 2.3: Age of Information vs Beacon rates
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Figure 2.6: Throughput vs Beacon rates

Throughput Analysis: Fig. 2.6 shows the gradual increase in throughput until it peaks,
and then it saturates to a lower value. For 200 veh/Km, it peaks at 15 Hz and starts satu-
rating from 35 Hz; while it doesn’t saturate until 80 Hz for 50 veh/Km.

Notice that for lower vehicle density, the throughput-optimal beacon rate (80 Hz) is very far
from safety-optimal rate (25 Hz), however, for higher vehicle density, throughput-optimal
beacon rate (15 Hz) is closer to the safety-optimal rate (10 Hz), and performs quite well in
terms of collision risk. Similar to collision risk and AoI, a queue size of 1 is throughput-
optimal, and this can be attributed to the fact that packet loss due to packet collisions is
less for smaller queues, compared to that of larger queues [108] (See Fig. 2.5).

In this section, we performed a comprehensive experimental analysis of safety application
reliability (in terms of collision risks) against beacon rates and vehicle densities for V2V
networks, and concluded that there exists a unique beacon rate for which the safety ap-
plication reliability is maximized, and it is unique for each vehicle density. Furthermore,
our experiments showed that there exists a strong interconnection between collision risk
and Age of Information (AoI) notwithstanding vehicle densities, and other queuing param-
eters. Whereas, the throughput-optimal rate approaches safety-optimal beacon rate only
under higher vehicle densities. Queue size of 1 is both AoI and throughput optimal in all
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considered V2V scenarios.

In the next part of the analysis, we will allow for the vehicles to track the location of the
neighbor vehicles as mandated by SAE-J2945/1. We also use Simulation of Urban MObility
(SUMO) to model the vehicles’ mobility as realistically as possible. The new system model
is explained below.

2.5 System Model

Our system model consists of N vehicles moving in an m lane rectangular road as shown in
Fig. 2.7. Each vehicle u ∈ N moves with a certain velocity su ∈ (0, smax]. The movement
of each vehicle is implemented using the Krauss’ mobility model [69], which regulates its
acceleration (and deceleration); and the lane changes are integrated as per [44]. Unlike
existing literature, this ensures a realistic representation of real-world driver and vehicle
mobility behaviors.

Figure 2.7: System model: A simple 802.11p based V2V network

Each vehicle uses 5.9 GHz DSRC wireless technology that has been designed to support
vehicular safety applications (such as CCW, EEBL and SVA) in V2V networks [5]. DSRC
uses existing IEEE 802.11p standard as its PHY and MAC layers; mainly because of the
widespread availability of IEEE 802.11 chip-sets as well as its performance and cost savings.
We assume each vehicle is equipped with a single 10 MHz DSRC radio, and the transmission
power is fixed. Vehicular safety applications rely heavily on periodic broadcast of BSMs
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which contain the vehicle’s position, heading, and other information about the transmitting
vehicle. Without loss of generality, consider that each vehicle u broadcasts its BSM at peri-
odic time intervals of ∆ (usually 100 ms) which can take any random value in [∆min,∆max].
It means that there is at least ∆ inter-reception delay between two consecutive BSMs from
a vehicle u received at a neighboring vehicle v. Moreover, since u broadcasts its BSM as
per Carrier Sense Multiple Access (CSMA) scheme followed by 802.11p [115], it leads to
additional communication delay, (i.e., queuing delay, transmission delay, and propagation
delay), denoted by x, at receiving vehicle v. Because of both ∆ and x, the information in
u’s BSM is relatively outdated (or stale) by the time it is received by the neighboring vehicle
v. The lack of fresh or up-to-date information at a receiver may lead to wrong positioning of
sender vehicle, i.e. v will not be able to localize u correctly and presents a potential on-road
safety hazard.

To address this, a promising solution is to enable a receiving vehicle v to track (or estimate)
u’s current location during these inter BSM reception times (in time instants of no BSM
receptions). As per SAE J2945 [23], a linear extrapolation based on the last known velocity,
position and heading as per the most recent BSM received can be used to estimate the sender
vehicle’s current location. However, note that a linear extrapolation will not always work
well if the vehicle being tracked doesn’t have a fixed linear mobility behavior. This will
give rise to a non-negligible error at a vehicle v while estimating the location of neighboring
vehicle u, which we call Tracking error (TE). Lower TE value means that v is able to track
u (or estimate u’s location) relatively well, and vice versa. This tracking error across all the
vehicles is then used to calculate the on-road safety of V2V networks, measured as Collision
risk. Note that the tracking error, collision risk and other terms will be re-introduced in the
below sections as their calculation will change compared to Sec. 2.2 where we didn’t consider
tracking ability as per SAE J2945/1 at the vehicles.

Tracking Error (TE), τe,uv

As mentioned earlier, τe,uv is defined as the difference between the ground truth location of
the sender vehicle u and the sender’s location as estimated by its neighboring vehicle v. Let
the most recent BSM received at v from u was generated at time t′. Then at any time t > t′,
v can estimate u’s current location as (x̂uv(t), ŷuv(t)) where
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x̂uv(t) = xu(t
′) + su(t

′) cos(θu(t′))δt
ŷuv(t) = yu(t

′) + su(t
′) sin(θu(t′))δt

(2.8)

where δt = (t − t′), and (xu(t
′), yu(t

′)), su(t
′) and θu(t

′) respectively denote u’s location,
speed, and heading information contained in the last BSM received from u. Then the TE
τe,uv that v has in tracking u at time t is calculated as -

τe,uv(t) =
√

(xu(t)− x̂uv(t))2 + (yu(t)− ŷuv(t))2 (2.9)

where (xu(t), yu(t)) is the ground truth location of u at t. Note vehicle u may not see the
same TE in tracking vehicle v, i.e., τe,vu(t) ̸= τe,uv(t), because v’s BSM may have been
generated at different time, say t′′ where t′′ ̸= t′, and also v’s location, speed and heading
may be different to that of u.

The average TE that v has in tracking u in a certain time window T can be computed as

τe,uv =
1

T

∫
T

τe,uv(t) (2.10)

Significance. The concept of TE is used to compute the Collision Risk as described later in
this Sec. 2.5.

Self Tracking Error (Self-TE), τp,u

Self-TE τp,u is the difference between the actual location of a certain vehicle u, and the
self-estimated location of the same vehicle. It is periodically calculated after a certain time
interval and this pre-specified time interval at which τp,u is (re) computed is referred to as
measurement interval (tMI). We utilize the same linear extrapolation approach (used in TE)
that uses the position, speed and heading at (t − tMI) to estimate the u’s current location
as (x̄u(t), ȳu(t)) at time t where -

x̄u(t) = xu(t− tMI) + su(t− tMI) cos(θu(t− tMI))tMI

ȳu(t) = yu(t− tMI) + su(t− tMI) sin(θu(t− tMI))tMI

(2.11)
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The self-TE of u at time t, denoted by τp,u(t), is -

τp,u(t) =
√
(xu(t)− x̄u(t))2 + (yu(t)− ȳu(t))2 (2.12)

Significance. This concept of self TE is the basis for identifying the trackability behavior
(i.e., either trackable or non-trackable) of a certain vehicle at each measurement interval
tMI . This is the first step of our proposed TAoI rate control protocol. Refer to Sec. 2.7 for
more details.

Collision Risk

Here we describe how we compute on-road safety of V2V networks, measured as Collision
Risk and is inspired from the risk model developed in [35].

In V2V networks, Time To Collision (TTC) is an important safety metric due to which
each vehicle continuously monitors the TTC to the neighboring vehicles [26, 39, 40, 113].
TTC for a pair of vehicles is defined as the time needed for the distance between them to
become zero, which denotes a potential collision between them. Mathematically, TTC can
be computed as the ratio of distance between u and v and their relative velocity. See Fig.
2.8. High TTCs mean that there is no immediate threat of collision between u and v given
the current distance and relative velocity between them and vice-versa.

Figure 2.8: TTC Calculation
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Now given the TE (τe,uv) that a v has in tracking u, the error in TTC, denoted by δTTCuv,
between the pair u− v can be calculated as [35]–

δTTCuv(t) =
τe,uv(t)

suv(t)
(2.13)

where suv(t) is the relative velocity between u and v at t. The significance of δTTC for
collision avoidance has been studied in [102]. Specifically, a certain on-road situation can be
considered collision risky (or dangerous) whenever the δTTC for any pair of vehicles exceeds
the threshold value of δTTCthresh, where δTTCthresh is the time needed for the driver to
react to the possible collision and bring the vehicle to a stop. Thus, δTTCthresh is computed
as -

δTTCthresh = treact + tbrake (2.14)

where treact is 1s and refers to the time taken by the driver to respond to the situation and
apply the brakes [35]. tbrake is the time taken by the vehicle to come to a complete stop
after the brakes have been applied. Taking the deceleration for a vehicle as a = 4.6m/s2 [35]
makes tbrake = s/a where s is the velocity of the vehicle. A key difference from the study
done in [35] is that in this work, s is not fixed for the entire simulation duration and changes
with time for each vehicle.

Given δTTCuv and δTTCthresh, the collision risk for each vehicle pair u - v at any time t can
be computed as -

CRuv =

1 δTTCuv(t) > δTTCthresh
0 otherwise

(2.15)

Using Eq. 2.15, we count the number of instances between each pair of vehicles in which
δTTC exceeded δTTCthresh, as the measure of overall on-road safety of the V2V network.
Note that δTTC is directly proportional to TE, τe, between each pair of vehicles in the
network (See Eq. 2.13). Thus, it is critical the τe between every pair of vehicles is minimized
in order to enhance on-road safety performance of V2V networks.
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2.6 Age of Information and Safety Performance

In this section, we briefly describe Age of Information (AoI) and then discuss the limitation
of AoI based rate control approach on the safety performance of V2V networks.

2.6.1 Age of Information (AoI)

First introduced in [63], Age of Information (AoI) is used to quantify the freshness of infor-
mation at a destination node (i.e. a receiving vehicle) about some measurements. generated
by the source node (i.e. a sender vehicle). More formally, AoI in V2V networks can be
defined as the time elapsed since the last successfully received BSM at the receiving vehicle
was generated at the sender vehicle. In order to better understand the AoI, let us look at
Fig. 2.9 which depicts a realization of AoI, denoted by AoIuv(t), at the receiving vehicle v
as a function of time when a sender vehicle u transmit BSMs using a first come first serve
(FCFS) discipline. Let t′ denote the generation time of most recent BSM at sender vehicle
u, then AoI at receiving vehicle v at current time t is calculated as

AoIuv(t) = t− t′ (2.16)

Note that AoIuv(t) is a zigzag-like function with a slope of 1 between the BSM inter-reception
intervals and is reset to the end-to-end delay in each time instance when u’s new BSM is
successfully received at v.

Using Eq. 2.16, the average AoIuv between vehicle v and vehicle u can be calculated as the
total area under the AoIuv(t) plot normalized by the observation interval T [63], i.e.

AoIuv =
1

T

∫
T

AoIuv(t) (2.17)

Consider that v has Nv ⊆ N neighboring vehicles, i.e., u ∈ Nv where N is the total number
of vehicles. Then the average AoI at a receiving vehicle v can be computed as follows.

AoIv =
1

|Nv|
∑
u∈Nv

AoIuv (2.18)
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Figure 2.9: Evolution of AoIuv at v based on the BSMs received from u. The generation
and reception times of the ith BSM are denoted by t′i and ti, which makes the overall delay
for that BSM = (ti − t′i). The (i+ 1)th BSM is generated at t′(i+1), and therefore the BSM
broadcast interval is given by ∆ = (t′i+1 − t′i). There is no BSM reception between ti and
t(i+1), and the AoI grows linearly in this interval (ti+1 − ti) known as inter BSM reception
interval.

Finally, the system AoI with N vehicles can be calculated across N (N − 1) unique pairs of
sender and receiver as:

AoI =
1

N (N − 1)

∑
v∈N

∑
u∈Nv

AoIuv (2.19)

From the above discussion, it is evident that AoI is less when the receiver vehicle receives
BSMs frequently from the sender vehicle. As the reception of frequent BSMs means the
receiver has knowledge of the most recent location of the sender, a less AoI means less TE.
Therefore minimizing the system AoI in Eq. 2.19 should improve the safety of all the vehicles
in the network. However, when practical constraints like limited communication resources,
i.e., channel capacity and different mobility behaviors of vehicles are considered, a lower
system AoI may not always result in improved safety performance as we shall see in Sec.
2.6.2.
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2.6.2 Limitations of AoI in defining Safety Performance

Let us consider a simple V2V scenario with two vehicles u and v. For ease of understanding,
we make the following assumptions for our considered V2V scenario -

• Channel capacity is limited to one BSM transmission at any time - it means at any
given time t, only one vehicle can broadcast its BSM.

• There is no additional communication delay involved ( x = 0) - it means the inter-BSM
reception intervals between a receiver v and sender u is equal to ∆, where ∆ is the
BSM broadcast interval.

• The back-off time is taken as ∆. If u broadcasts at time t = ∆, and another sender
vehicle v senses the channel busy, then v will attempt its next transmission at 2∆.
Thus, the instants of transmission will be t1 = ∆, t2 = 2∆, and so on, where either u
or v gets to transmit.

Under these assumptions, AoI can be computed as -

AoI(t+∆) =

0, if a BSM is received

AoI(t) + ∆, otherwise
(2.20)

Lets consider that the mobility behavior of u and v is given by the following equations -

yu(t) = 2t, ẏu(t) = 2

yv(t) = t2, ẏv(t) = 2t
(2.21)

where y(t) and ẏ(t) are the position and velocity at time t respectively. Both u and v will
estimate each other’s current locations as ŷvu(t) and ŷuv(t), respectively using Eq. 2.8. Then
the TE that u has in tracking vehicle v (τe,vu) and v has in tracking vehicle u (τe,uv) at time
t is given by Eq. 2.9.

Let us now see how AoI and an alternative rate control strategies treat AoI and TE in this
simple V2V scenario.

Under AoI based rate control strategy:
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Both u and v should be allowed an equal access to the channel resources to broadcast their
BSMs so that the system AoI is minimized. However, given the restriction of at most 1

transmission at any time, it is intuitive that the optimal way of minimizing AoI would be
to allow u and v to broadcast their BSM at alternate intervals. E.g. if u transmits at time
instance t1, then v transmits at t2 followed by u at t3, and v at t4, and so on. Lets consider
∆t = 1 for the ease of presentation.

The resulting AoI and TE is shown in Table 2.2. Time instants in red are u’s broadcast
instants (and rest are v’s).

From Eq. 2.17, AoIuv = 3
6
= 0.5. Similarly, AoIvu = 0.5. Then from Eq. 2.19, system AoI is

AoI =
AoIuv + AoIvu

2
= 0.5

For TE, Eq. 2.10 gives τe,uv = 2
6
≈ 0.33 , τe,vu =

15
6
= 2.5.

Under an alternative rate control strategy:

Where u transmits at t1 and then v gets to transmit in the remaining time. The resulting
AoI and TE are shown in Table 2.3. The average AoI and TE at v are as follows -

AoIuv =
15
6
= 2.5 and AoIvu =

1
6
≈ 0.17⇒ AoI = 1.334 Similarly, τe,uv = 2

6
≈ 0.33 and τe,vu =

9
6
= 1.5.

Regarding safety performance, the difference in TE in the two strategies occur for τe,vu at t4
and t6. The calculation of τe,vu(t4) is explained here - In the AoI scheme, u receives a BSM
from v at t2 when yv(t2) = 4, ẏv(t2) = 4. At t3, δt = t3− t2 = 1 and u estimates v’s location
as per Eq. 2.8 as

ŷvu(t3) = yv(t2) + ẏv(t2)× 1 = 8

TE at u is calculated as τe,vu(t3) = yv(t3)− ŷvu(t3) = 9− 8 = 1. As v doesn’t transmit at t3,
u again estimates v’s location at t4 from BSM it last received at t2 using Eq. 2.8 as -

ŷvu(t4) = yv(t2) + ẏv(t2)× 2 = 12

where δt = t4 − t2 = 2. Then TE τe,vu(t4) = yv(t4)− ŷvu(t4) = 16− 12 = 4.

The τe,vu(t4) in the alternate strategy is less because v gets to transmit at t3 unlike in the
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AoI strategy. Hence u estimates v’s location at t4 with δt = t4 − t3 = 1 as -

ŷvu(t4) = yv(t3) + ẏv(t3)× 1 = 9 + 6× 1 = 15

and the new TE is τe,vu(t4) = yv(t4)− ŷvu(t4) = 16− 15 = 1. In this way, τe,vu reduces from
4 to 1, thereby improving safety, even though system AoI has degraded (1.334 > 0.5) when
the alternative rate control strategy is used.

Table 2.2: AoI rate control strategy

Time t1 t2 t3 t4 t5 t6
AoIuv(t) 0 1 0 1 0 1
yu(t) 2 4 6 8 10 12
ŷuv(t) 0 4 6 8 10 12
τe,uv(t) 2 0 0 0 0 0
AoIvu(t) 1 0 1 0 1 0
yv(t) 1 4 9 16 25 36
ŷvu(t) 0 0 8 12 24 32
τe,vu(t) 1 4 1 4 1 4

Table 2.3: Alternative rate control strategy

Time t1 t2 t3 t4 t5 t6
AoIuv(t) 0 1 2 3 4 5
yu(t) 2 4 6 8 10 12
ŷuv(t) 0 4 6 8 10 12
τe,uv(t) 2 0 0 0 0 0
AoIvu(t) 1 0 0 0 0 0
yv(t) 1 4 9 16 25 36
ŷvu(t) 0 0 8 15 24 35
τe,vu(t) 1 4 1 1 1 1

Based on these discussions, we can make the following key observations – even though u’s AoI
at v (AoIuv) is lower in AoI based rate control strategy compared to that of the alternative
one, v incurs the same TE (τe,uv) in tracking u in both the strategies. It means minimizing
AoIuv in the AoI based rate control strategy did not help in improving u’s safety. On the
other hand, AoIvu is lower in alternative rate control strategy and it leads to a significant
reduction in TE, τe,vu, which will promisingly improve safety of v.

This is because, as shown in Eq. 2.21, u does not change its mobility behavior (i.e., speed and
heading), or in other words, u is trackable. It means, after v receives the first BSM from u at
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t1, v accurately estimates u’s current location at times t2, . . . t6 and thus, leading to τe,uv = 0

for the remaining time, even in the absence of fresh BSM receptions. This fact is being
harnessed by the alternative rate control strategy where after allotting a single transmission
for v, all the remaining times (t2, . . . t6) are allotted to v. As v’s mobility behavior keeps
changing with time (i.e., v is non-trackable), location estimation doesn’t perform well in
tracking v due to which frequent BSM receptions are required at u from v to enable better
tracking of v so that τe,vu is reduced.

Because the non-trackable vehicles have high TE and as a result are likely to have a higher
value of collision risk (Sec. 2.5), we call these risky vehicles. Similarly, the trackable vehicles
are called non-risky vehicles.

From the above V2V scenario (and key observation), it is clear that minimizing AoI does
not always improve the safety of V2V networks. It becomes critical to take into account the
trackability of vehicles. With that, the following deductions can be made about the relation
between AoI and safety in the context of vehicular networks -

• AoI minimization is not important for non-risky vehicles that can be tracked well by
its neighbors.

• For risky vehicles, AoI minimization will improve the TE, and thus, on-road safety of
the network.

2.7 Trackability aware AoI (TAoI) metric

To address the shortcomings of AoI, we propose a novel Trackability aware AoI (TAoI) metric
that accounts for both AoI and trackability (i.e., risky or non-risky) of neighboring vehicles
for improved safety performance of V2V networks. To get the trackability information about
the neighboring vehicles, a certain vehicle v can compute the TE τe,uv for each neighbor u
at instants of BSM receptions using Eq. 2.8 and Eq. 2.9. However, this TE approach has
two major limitations – (i) a vehicle learns the value of TE only at BSM reception instants,
where the inter-BSM reception time intervals may be very large (100’s of milliseconds), and
(ii) additional communication overheads in V2V networks, because the receiver vehicle which
computes TE, has to send back the feedback (with TE information) to every neighboring
vehicle.
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A better approach to measure trackability (or riskiness) is to do self risk assessment by
utilizing self TE τp,v as vehicles having high self TE are likely to have high TE. It is computed
locally at each vehicle, and does not suffer from the aforementioned limitations. Each vehicle
identifies itself as a non-risky or risky vehicle based on its self-TE value, and shares this
information with neighboring vehicles by piggybacking it along with its BSM. Based on this
information, every vehicle is aware of which of the neighborhood vehicles are risky.

For a sender-receiver pair u-v, calculation of the instantaneous and average TAoI is similar
to the calculation of AoI. At any time t, TAoIuv at v with respect to u is given by

TAoIuv(t) = AoIuv(t)× I(τp,v ≥ τp,th) (2.22)

where AoIuv(t) is AoI at v with respect to u and is computed using Eq. 2.16. I(τp,v ≥ τp,th)

is an indicator function that equals 1 only when the self TE τp,v exceeds a fixed threshold
τp,th and is 0 otherwise. Therefore, TAoI takes on the value of AoI when τp,v is greater than
τp,th, otherwise it is 0.

Similarly, the average TAoI for the pair u-v over the observation interval T is calculated as:

TAoIuv =
1

T

∫
T

TAoIuv(t) (2.23)

Then the average TAoI at v becomes -

TAoIv =
1

|N r
v |

∑
u∈N r

v

TAoIuv (2.24)

where N r
v ⊆ Nv is the set of risky neighboring vehicles of v and can be computed as follows

-
N r
v = {u|I(τp,u ≥ τp,th), u ∈ Nv} (2.25)

Finally the system TAoI across all the vehicle pairs is -

TAoI =
1

N (N − 1)

∑
v∈N

∑
u∈N r

v

TAoIuv (2.26)
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In the example presented in Sec. 2.6.2, we briefly discuss how TAoI based rate control
strategy will always reduce the TE of each neighboring vehicle (whether risky or not), and
thus, is a promising metric for improved on-road safety.

• The value of TAoIvu(t) at vehicle u is 0 because u identifies itself a non-risky vehicle,
i.e., I(τp,u ≥ τp,th) = 0 for τp,th > 0. Therefore it does not need to transmit BSMs
frequently (or at lower broadcast interval ∆u) to reduce its TAoIvu. This doesn’t harm
u’s safety because once v receives u’s BSM, then v learns u’s non-riskiness behavior;
and the obtained u’s information (i.e., location, speed, and heading) contained in BSM
will allow v to track it accurately. Here, u only needs to broadcast fresh BSM only
once unless it changes its mobility behavior.

• At vehicle v, TAoIuv(t) = AoIuv(t) because v identifies itself as a risky vehicle, i.e.,
I(τp,v ≥ τp,th) = 1. Here, v must broadcast its BSM as frequently as possible to
minimize its TAoIuv (or AoIuv). This will reduce τe,uv and ensures v’s safety. Note
that since u does not need to transmit unless its mobility behavior is changed, v can
utilize the additional channel resources to transmit more frequently and thus, further
reducing TAoIuv (or AoIuv), and improving the overall on-road safety of the network.

To summarize, TAoI metric harnesses the capability of tracking or estimation (using linear
extrapolation as per SAE J2945) and enables a non-risky vehicle to broadcast its BSM with
much lower priority, i.e, at higher inter broadcast intervals ∆, and a risky vehicle with higher
priority, i.e., at much lower∆. This will greatly reduce the TE corresponding to risky vehicles
without compromising the TE of the non-risky vehicles, and thus improve the overall safety
of V2V networks.

Problem Overview. The problem of designing an optimal rate control strategy that min-
imizes system TAoI can be formulated as an Integer Linear Programming (ILP) problem.

At each time t ∈ T , let C(t) denote the total channel capacity in V2V networks and N r
v (t)

denote the list of risky vehicles in the neighborhood of any vehicle v. Note, N r
v (t) does not

include v’s non-risky neighbors, for which I(τp,u ≥ τp,th) = 0 where u ∈ Nv. Finally, let rv(t)
denote the rate at which v’s broadcasts BSMs, and it can be calculated as rv(t) = 1

∆v(t)
. Here

∆v(t) is the inter broadcast interval of v at time t. Since ∆ ∈ [∆min,∆max], rv ∈ [rmin, rmax].

Objective function. The objective is to minimize the overall system TAoI across all vehicles
over the entire time period.
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min
rv(t)

∑
t∈T

1

N (N − 1)

∑
v∈N

∑
u∈N r

v

TAoIuv(t) (2.27)

subject to
∑

u∈(Nv∪v)

ru(t) < C(t),∀v ∈ N , t ∈ T (2.28)

rmin ≤ rv(t) ≤ rmax,∀v ∈ N , t ∈ T (2.29)

Constraints. Eq. 2.28 constrains that the sum total of broadcast rate of all vehicles in the
vicinity must be less than the total channel capacity. Eq. 2.29 restricts the broadcast rate
between the minimum and maximum allowable rates.

Intuitively, the above ILP formulation will provide a centralized optimal solution to the
TAoI minimization problem. However, it is highly impractical in our considered 802.11p
based V2V networks because of lack of global information. The exact calculation of system
TAoI at any given time t, given in Eq. 2.27, requires knowledge of TE τe,uv for all vehicle
pairs in the network. However, each vehicle v can only estimate TE τe,uv for its neighboring
vehicles based on the BSMs it receives from those vehicles. Furthermore, it assumes the
knowledge of vehicle’s mobility and channel information at future time instants, which is
largely impossible to obtain in any time-varying network, including V2V networks.

Thus, we propose a novel TAoI based rate control algorithm that attempts to minimize
system TAoI of V2V networks in a decentralized manner, as shown in Sec. 2.8.

2.8 TAoI-based Rate Control Algorithm

This section presents the decentralized TAoI rate control algorithm, which allows each ve-
hicle to determine its broadcast time interval ∆ (where ∆ ∈ [∆min,∆max]) such that the
locally measured average TAoI is minimized. Our algorithm is run at each vehicle at every
measurement interval tMI . However, note that tMI does not need to be synchronized across
all the vehicles in the network.

The algorithm operates in two steps – first, each vehicle identifies itself as a risky or non-risky
vehicle by computing its self TE, and shares this information with the neighboring vehicles.
Second, based on this knowledge of the risky and non-risky vehicles in their neighborhood,
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each vehicle adapts its broadcast interval ∆ so as to minimize the locally measured average
TAoI. The details of the algorithm are as follows:

Step 1: Vehicle Self-Risk Assessment. As depicted in Algorithm 1, each vehicle v
utilizes Eq. 2.12 and calculates its self-TE τp,v, based on its actual and self-estimated location
every tMI (See line 1). Depending upon on the self-TE value, v identifies itself as a non-risky
vehicle (i.e., I(τp,v ≥ τp,th) = 0) or a risky vehicle (i.e., I(τp,v ≥ τp,th) = 1), and sets a self
riskiness flag respectively as 0 or 1. See lines (2 - 7). Following this, v piggybacks this
information in all its BSMs broadcasts in line 8 so that the neighboring vehicles are aware
of v’s self riskiness behavior. As the vehicle’s riskiness (risky or non-risky) behavior may
change over time, as also previously discussed, the entire algorithm (including this step) is
(re) run at the beginning of every tMI .

Algorithm 1 Self Assessment of riskiness at node v
Input: At vehicle v under consideration at time t - actual location (xv(t), yv(t)), self-estimated
location (x̄v(t), ȳv(t))
Output: Set the flag for riskiness as 1 or 0.
1: Calculate the Self Tracking Error τp,v using (xv(t), yv(t)) and (x̄v(t), ȳv(t)) based on Eq .2.12.
2: if I(τp,v ≥ τp,th) == 1 then
3: Mark v as a risky vehicle
4: Set riskiness flag = 1
5: else
6: Mark v as a non-risky vehicle
7: Set riskiness flag = 0

8: Piggyback the riskiness flag in all the BSMs broadcast between current tMI and next tMI .

Step 2: Broadcast Rate Adaptation. In this second step, our algorithm iteratively
minimizes the locally measured average TAoIv at each vehicle v by adapting the broadcast
interval, i.e., ∆v at each tMI through one of the following three possible actions4 – (i)DECR
- decrease broadcast interval, (ii) INCR - increase broadcast interval, and (iii) SAME -
maintain broadcast interval. The pseudocode for this step is presented in Algorithm 2.

As shown in lines 2-3, each vehicle v first checks for channel congestion, and the congestion
criteria is adopted from Kaul et al. [63]. If the channel is congested, v will unequivocally
increase its broadcast interval ∆v to avoid congesting it further. Then lines 4-5 check if v is
non-risky, for which ∆v is unchanged. Otherwise v is a risky vehicle (line 6), and the special
case where v has no risky neighbors is handled in lines 7-8 : v will reduce its ∆v as a risky

4Note that the concept of utilizing these actions for rate adaption in inspired by the AoI rate control
algorithm proposed in [63].
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Algorithm 2 TAoI-based Rate Control at vehicle v
Input: Average of the broadcast intervals of all neighbor vehicles ∆avg, TAoIv of the previous
tMI denoted by TAoI ′v , action taken in the previous tMI Ω, broadcast interval change factor β,
previous broadcast interval ∆′

v.
Output: New broadcast interval ∆v for node v

1: Calculate AoIv and TAoIv for the current tMI using Eq. 2.18 and Eq. 2.24 respectively.
2: if AoIv > 2∆avg then ▷ if channel is congested
3: αv = INCR
4: if I(τp,v ≥ τth) == 0 then ▷ If v is non-risky
5: αv = SAME
6: else if I(τp,v ≥ τth) == 1 then ▷ If v is risky
7: if |N r

v | == 0 then ▷ no risky neighbors
8: αv = DECR
9: else if TAoIv < TAoI ′v then ▷ if TAoIv has improved

10: new action αv = Ω
11: else if TAoIv > TAoI ′v then ▷ if TAoIv has degraded
12: new action αv = Ωc

13: else if TAoIv == TAoI ′v then ▷ no change in TAoIv
14: new action αv = SAME
15: if αv == INCR then
16: ∆v = β∆′

v

17: else if αv == DECR then
18: ∆v =

∆′
v
β

19: else if αv == SAME then
20: ∆v = ∆′

v

21: return ∆v
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vehicle should transmit its BSMs frequently. The lines 9 - 12 forms the core of the algorithm
where TAoIv for the current and previous tMI are compared. If TAoIv has improved based
on the previous action, the previous action is repeated. Otherwise, the complimentary of
the previous action is selected, where INCR and DECR are compliments of each other. If
there is no change in TAoIv, action chosen is SAME as shown in lines 13 - 14. Finally, lines
15-20 are used to calculate the new broadcast interval based on the action selected in the
above steps. The factor by which the intervals change if the action was INCR or DECR is
given by β. The new broadcast interval returned is maintained until the end of current tMI .

Note there are three controlling parameters in the TAoI based rate control algorithm, as
discussed below.

• Interval change factor (β). β is used to calculate the new broadcast interval from
the previous broadcast interval. When intervals are increased (action is INCR), the
new interval is obtained by multiplying the old interval with β and vice-versa. We set
β=1.1 as per [63].

• Measurement Interval (tMI). tMI is set at 1s. It can be higher or lower depending on
how frequently the network changes. Even though tMI=1s is a low value for evaluating
TAoI in a network as a vehicle may not have received enough BSMs to get a correct
estimate of its local TAoI, smaller values of tMI helps the network to minimize AoI
(and hence TAoI) faster [63].

• Self TE threshold τp,th. As per the recommendations made in the SAE-J2945 [18], we
set τp,th = 0.5m. However for practical considerations, this can be adjusted to reflect
how accurate the location information needs to be, or in other words, what is the
threshold for being classified as a risky vehicle. For τp,th = 0, TAoI = AoI.

The calculation of the optimal β and tMI are beyond the scope of this study and will
investigated as a part of our future work.

Time Complexity. Intuitively enough, Algorithm 1 has a running time complexity of O(1).
The time complexity of the Algorithm 2 is O(N ). This is because the algorithm computes
TAoI at vehicle v for each of the neighboring vehicles, which may be the total number of
vehicles in the worst case scenario. Thus, the total time complexity of TAoI based rate
control algorithm is O(N + 1) = O(N ).
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(a) Road Layout with a zoomed in picture show-
ing cars moving in 3 lanes

(b) Collision Risk for different broadcast modes

Figure 2.10: Scenario for 150 vehicles

Note the V2V network is a time-varying network where the neighborhood observed by each
vehicle keeps changing over time. Because of this, the algorithm will keep changing its ∆v

for each vehicle v based on the new value of local TAoIv. This means that there may not be
a broadcast interval that is safety-optimal at all times. Hence we do not pursue convergence
analysis.

2.9 Performance Evaluation

This section evaluates the TAoI based rate protocol against the baseline AoI based rate
protocol [63] and standard 10 Hz.

Simulation Setting The 802.11p V2V network is simulated using network simulator-3
(ns-3) [15]; and SUMO traffic simulation [16] package is used to model the vehicle’s mobility
as it provides realistic mobility traces for V2V networks. A small part of the road simulated
in SUMO with the vehicles in it is shown in Fig. 2.10a where the yellow triangles represent
the vehicles. Unless otherwise stated, all the experiments are performed with 150 vehicles
moving in a 3-lane rectangular road of 1000m × 100m. The total simulation time is 100
seconds. Table 2.4 lists other important parameters.
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(a) Density plot showing distribution of broadcast
intervals (b) Variation of PDR with distance

Figure 2.11: Rates and PDR for 150 vehicles

Performance metrics. For the comparative analysis of proposed TAoI rate control algo-
rithm against the baseline AoI rate control protocol and standard 10 Hz, we consider the
following two key performance metrics.

• Collision Risk - It measures the overall on-road safety of V2V networks, and is defined
as the number of instances between each pair of vehicles in which δTTC exceeded
δTTCthres. Revisit Sec. 2.5 for details.

• Packet Delivery Ratio (PDR) - It is the probability that all vehicles within the
range of transmitting vehicle, successfully receives the transmitted BSM. It is defined
as PDRv = PRv

PDv
where PDv is number of BSMs sent by vehicle v and PRv is the

number of BSMs sent by v received by neighboring vehicles u ∈ Nv.

Experimental Results Before we present the results, we show the broadcast intervals
selected by four different vehicles. As seen in Fig. 2.12a, the first 2 vehicles are risky as their
self-TE are (0.51m, 0.92m) greater than τp,th. So TAoI prioritizes them by assigning them
lower intervals compared to AoI protocol as seen in 2.12b. The opposite case can be seen for
vehicles 3 and 4 which are non-risky, due to which the proposed TAoI protocol allocates it
higher intervals compared to AoI rate protocol.

The collision risk, distribution of the broadcast intervals and PDR for 150 vehicles are
shown in Fig. 2.10b, 2.11a and 2.11b. From Fig. 2.10b, it can be seen that both AoI and
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Table 2.4: Simulation Parameters

Parameters Value
Number of vehicles (N ) 100 - 250
Number of Lanes (m) 3

Lane Width 4 m
BSM size 1000 bytes

Transmission Power 20 dBm
Data Rate 6 Mbps
Loss Model Log Distance Propagation Loss [107]

Path Loss exponent γ = 3
Fading Nakagami-m [107]

Channel Frequency 5.9 GHz
Channel Bandwidth 10 MHz
Max velocity (smax) 25 m/s

Antennas/Spatial Streams 1/1
τp,th 0.5 m
tMI 1 s
β 1.1

TAoI improves safety compared to the default 10Hz broadcasting, which points to an strong
relation between safety performance and improvement in AoI. Regarding the comparison
between AoI and TAoI, the improvement in safety as as result of TAoI prioritizing the risky
vehicles can be seen in Fig. 2.10b. This shows that non-risky vehicles do not pose much of a
threat in V2V networks. To show the different broadcast intervals for different vehicles, the
density plot of the distribution of the broadcast intervals is then shown in Fig. 2.11a - it can
be seen that both the protocols have a majority of their vehicles broadcasting around similar
broadcast intervals. Due to the presence of a spread control factor5 in [63], the intervals
for AoI protocol form a roughly symmetric distribution around the average interval. But
with TAoI protocol, as each vehicle can independently select any interval without any spread
control, the intervals are spread out with a few vehicles transmitting at very high intervals.
Additionally the intervals are higher in our algorithm as vehicles increase their interval as
soon as congestion is detected, which is not done in the case of [63]. As a result of the higher
intervals in TAoI, channel congestion reduces and this results in a better PDR for TAoI, as
shown in Fig. 2.11b. Hence the results show the benefit of a TAoI rate protocol as compared
to plain AoI.

5As system AoI was shown to be minimized only when each vehicle broadcasts at the same interval in
[63], spread control is a necessary operation in system AoI minimization presented there.
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(a) Self TE as measured by 4 vehicles (b) Broadcast interval of the 4 vehicles

Figure 2.12: Difference between rates selected by predictable and unpredictable vehicles

(a) Broadcast Interval at different densities (b) Collision Risk at different densities

Figure 2.13: Scalability of the rate protocols

Scalability Analysis To see how the collision risk of the algorithm scales with the number
of vehicles, results for 100, 150, 200 and 250 vehicles are shown. Their average broadcast
intervals along with the collision risk are shown in Fig. 2.13a and Fig. 2.13b respectively.
For 100 vehicles, both the algorithms have an average interval of lower than 100ms, with
average interval around 100ms for 150 vehicles and an average interval of more than 100ms
for both 200 and 250 vehicles. This is consistent with the observation in [35] where it has
been shown that lower densities have lower average intervals that minimize the AoI and vice
versa. It is seen that the same relationship between the interval and density holds for TAoI.

It is important to note from Fig. 2.13a and 2.13b that TAoI consistently improves collision
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risk across different vehicle densities, while keeping the average broadcast intervals higher or
equal to the intervals in AoI rate protocol. The improvement in collision risk ranges around
8%-12% and 24%-40% compared to the AoI rate protocol and default 10Hz broadcasting
respectively. This result comprehensively proves that TAoI is a much better metric for con-
trolling the broadcast interval - it utilizes the channel resources much efficiently as compared
to AoI rate protocol which is evident from the better safety performance while maintaining
the broadcast intervals at same or higher levels compared to AoI rate protocol.

2.10 Conclusion

In this chapter, we showed that AoI based rate control protocol does not always improve
on-road safety in 802.11p V2V networks. To address this, we proposed a novel metric,
termed, Trackability-aware Age of Information, termed TAoI, that jointly takes into account
the AoI and self risk assessment of vehicles, measured as self tracking error. Following this,
we propose a decentralized TAoI based rate protocol for V2V networks that attempts to
minimize locally measured TAoI at each vehicle, which in turn, improve the on-road safety
of the V2V network. Our extensive experiments based on realistic SUMO traffic traces on
top of ns-3 simulator demonstrate that TAoI rate control protocol greatly improves on-road
safety of V2V networks compared to that of AoI rate control and standard 10 Hz rate, in all
considered V2V scenarios.



Chapter 3

Learning-based Age of
Information-minimizing Scheduling in
UAV-relayed IoT Networks

3.1 Introduction

Unmanned Aerial Vehicles (UAVs), as fixed aerial base stations, are being increasingly used
to collect time-sensitive information (or status updates) from Internet of Things (IoT) de-
vices and forward them to the nearest Terrestrial Base Station (TBS). We refer to such
communication networks as UAV-relayed IoT networks. UAV-relayed IoT networks are a
promising solution in several scenarios – (i) extending wireless services to IoT devices in
remote smart agricultural farms where there is no direct wireless coverage of a TBS [85], (ii)
offloading data processing task of a UAV to the TBS equipped with an edge server [75] etc.
An example is the smart city plans in Las Vegas where multiple UAVs are being deployed
as “advanced contextual and situational awareness modules” to monitor and assess the data
captured by IoT devices [104].

A critical requirement in UAV-relayed IoT networks (and general IoT networks) is that the
information received at the TBS from the IoT devices is timely or fresh [38]. To measure
the level of information freshness, the metric called “Age of Information” (AoI) was con-
ceived [61]. It has since attracted significant interest from the research community and
is under active investigation. See a survey on AoI [122] and an online bibliography [17].
AoI is defined as the time elapsed since the most recent information was generated. AoI is
fundamentally different from traditional metrics such as, latency, at lower network layers
(transport, network or link layer), which only focuses on the elapsed time for delivering
information between two end nodes in a network.

46
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There has been active research on designing schedulers to minimize AoI in UAV-assisted
IoT networks [52], general IoT networks [118], vehicular networks, and other time-sensitive
control applications [36]. However, existing research on AoI scheduling (including UAV-
assisted IoT networks) has been largely limited to single-hop wireless networks, which is
not applicable to our UAV-relayed IoT network scenario. This is because our considered
UAV-relayed IoT network involves two hops – (i) [hop 1] - IoT device to UAV, and (ii) [hop
2] - UAV to the TBS. Scheduling for such two-hop network differ from single-hop networks
as it involves two time-ordered steps – (i) sampling of IoT devices by the UAVs, followed by
the (ii) updating of these sampled information packets (from UAV) to the TBS. Therefore,
designing scheduling policies for such two-hop UAV-relayed IoT networks becomes a non-
trivial problem and is the focus of this work. Further, existing AoI research make a number
of assumptions – (i) non-lossy channel conditions - In reality, wireless channels are lossy and
fluctuates rapidly which must be taken into account in designing schedulers (ii) generate-
at-will traffic generation model at IoT devices – IoT devices usually follow periodic traffic
generation model, where an IoT device generates sampling updates at certain fixed periodic
time intervals, which may be unknown apriori [25].

In this chapter, we investigate designing optimal scheduling policies for two-hop UAV-relayed
IoT networks under real-world conditions. Specifically, we consider the following: (i) we
consider lossy channel conditions for both hops i.e., (IoT devices to UAV) and (UAV to the
TBS), (ii) we allow each IoT device to generate packets at periodic traffic generation models,
which may be unknown to the scheduler.

The main contributions of this work are the following.

• This chapter investigates designing AoI scheduling policies for two-hop UAV-relayed
IoT networks, which involves two time-ordered steps – (i) sampling of information
packets from IoT devices to the UAV relay, and (ii) updating of sampled information
packets (corresponding to each IoT device) from UAV relay to the TBS.

• We first present a Maximal AoI First - Maximal AoI Difference (MAF-MAD) schedul-
ing policy. Specifically, MAF-MAD scheduler prioritizes sampling of an IoT device to
the UAV relay which has highest AoI at the UAV relay, and similarly, updates the
sampled information packet (at UAV relay) of the device with highest AoI difference
between the UAV and the TBS. We show that MAF-MAD is the optimal scheduler
under non-lossy channel conditions and generate-at-will traffic generation models at
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the IoT devices.

• Next, we propose an AoI minimizing scheduling policy, based on Deep Q Network
(DQN), which we call, DQN based scheduler. We show that DQN based scheduler
significantly outperforms MAF-MAD scheduler when the channels are lossy and IoT
devices follow periodic traffic generation models, esp. in case of small networks (with
10’s IoT devices). This is because DQN is able to learn the characteristics of the
network, i.e., channel fluctuations and traffic generation models. However, it does not
scale well with network size mainly due to large action space (as we shall see later in
the chapter).

• Our simulation results show that both MAF-MAD and DQN based schedulers out-
perform all considered baseline schedulers, namely, Maximal AoI First (MAF), Round
Robin (RR) and Random schedulers employed at both hops under all considered sim-
ulation scenarios.

The chapter is arranged as follows: Sec. 3.2 discusses the related works and Sec. 3.3 provides
the system model for our work. In Sec. 3.4, we explain the different schedulers. The results
for the schedulers with the DQN-based scheduler is shown in Sec.3.5. The disadvantages
of the DQN-based scheduler is discussed in Sec.3.6 and the results with the PPO-based
scheduler is in Sec. 3.7. The chapter is concluded in Sec. 3.8.

3.2 Related Work

As the availability and ease of deployment of UAVs continue to improve, its role in IoT
networks under the context of information freshness has seen great interest in recent years.
In [19], the authors study a scenario where a single battery constrained UAV monitors
multiple ground nodes. A DL based approach was used to develop a joint trajectory and
scheduling design that minimizes AoI at the UAV. The work in [22] considers a similar
setting where a UAV has to visit multiple sensor nodes under battery constraints. Similarly,
a framework for finding the trajectory that minimizes the average AoI and maximum AoI
is presented in [73]. A cellular Internet of UAVs is considered in [53] where a distributed
trajectory selection framework is proposed to minimize AoI. Note all these works (along with
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[54, 123, 126, 127]) focus mainly on determining the optimal trajectory of the UAVs with
the scheduling of packets being only over one hop from IoT devices to the UAV.

Since our UAV-relayed IoT network employ UAV as relays between IoT devices and the
BS, we also discuss the related works on AoI for relay networks. Authors in [32] consider a
scenario with a single node transmitting to multiple nodes via relays. The source waits for an
acknowledgment before transmitting the next sample, and the best waiting time is obtained
in closed form. Reference [24] proposes optimal AoI minimizing online and offline policies
where a single energy constrained source transmits its information to a single receiver via an
energy constrained relay. In [86], a discrete-time stochastic hybrid system analysis is done,
first under one relay and a direct link, and then with two relays and no direct link between
a single transmitter and a single receiver. Our work is closest to [106] where a relay is
used to sample and forward the information of multiple IoT devices to multiple destinations.
However, it considers a generate-at-will traffic model for traffic generation at the IoT devices
with only a single UAV acting as the relay.

3.3 System Model and Problem Formulation

Figure 3.1: UAV-relayed IoT networks system model
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3.3.1 Network Model

As shown in Figure 3.1, we consider a UAV-relayed IoT network with a terrestrial base station
(TBS),M IoT devices and N UAVs. The TBS is placed at a (random) fixed 2D location in a
certain geographical region. The TBS is equipped with edge server, where the collected time-
sensitive information data are processed. Similarly, M IoT devices are distributed randomly
in the considered region. Since IoT devices are usually energy-constrained and have limited
wireless range (most IoT devices have range less than 100 meters [10]), the IoT devices are
outside the wireless coverage of the nearest TBS, such as, in case of rural agricultural smart
farms, where the IoT devices are far away from the nearest TBS. Therefore N UAVs are
deployed as fixed aerial base stations (ABS) in the geographical region to provide end-to-
end wireless coverage between the nearest TBS and all M IoT devices. Each UAV n ∈ N is
deployed in the region of interest such that

(i) UAV n lies within the wireless coverage of the TBS and, provides backhaul links between
itself and TBS, and

(ii) UAV n provides wireless coverage as access links to mn subset of IoT devices, where
mn ⊆M .

Even though a certain IoT device may fall within the wireless coverage of two or more UAVs,
we assume that each IoT device is associated to a unique UAV based on some association
policy (e.g., max power association policy [99]), and thus, the subset of IoT devices, mn,
is unique to each UAV, and M = ∪n∈Nmn. We assume that there is neither intra-cell
interference (i.e., UAV and it’s associated IoT devices) nor inter-cell interference (i.e., UAV
to UAV). This is realistically possible by employing non-overlapping orthogonal channels for
both access links [98] and backhaul links [72].

LetK denote the number of non-overlapping orthogonal channels for communication between
the TBS and all N UAVs. Similarly, let Ln denote the total number of channels available
between a certain UAV n and it’s associated IoT devices. For easiness of the presentation, we
consider a fixed L = Ln, (∀n ∈ N) channels for access links between a certain UAV and it’s
associated IoT devices. However, our model can be easily extended to unique Ln channels
for access links between a UAV and its associated IoT devices.

Next we discuss different traffic generation models at each IoT device and channel conditions
considered in our model. Assume T is the total observation duration and it is divided into
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equal-length time slots denoted by t.

Traffic generation at the IoT devices. We consider two different types of traffic gener-
ation models at each IoT device m – (i) generate-at-will: m generates new packet at each
time slot t [19], and (ii) periodic packet generation: Here, m generates information packets
at a fixed time interval denoted by pm. It means, m generates a new packet at time slots
pmt, 2pmt, . . . , ⌊ Tpm ⌋t. Note that though pm is a fixed value for a certain IoT device m, it may
be unique to each IoT device, i.e., pm ̸= pm′ , where m,m′ ∈M . The scheduler doesn’t have
any prior information on the periodicity of traffic generation at a certain IoT device.

Channel Conditions: Because of the fluctuations in the wireless channel, some packets
in both the two hops are lost in transmission. It is referred to as link outage and occurs
whenever the transmission rate exceeds the channel capacity [116]. Similar to [106], we
capture the link outage by considering that the link between device m and the associated
UAV nm has a non-zero probability of dropping the transmitted packets, which we refer to
as, Sample Loss Probability and is denoted by ls,m ∈ (0, 1). Similarly, lu,m ∈ (0, 1) denotes
the Update Loss Probability, which refers to the packet loss probability between UAV nm

and the TBS.

Scheduling: At each slot t, our considered UAV-relayed IoT networks involves two si-
multaneous scheduling steps – (i) sampling of IoT devices by the UAVs and (ii) updating
of sampled information packets from a certain UAV to the TBS. The set of IoT devices
sampled by UAV n is denoted by Sn(t) and total devices sampled by all the UAVs is
S(t) = {S1(t),S2(t), . . . ,SN(t)}. Similarly, updated devices are denoted as U(t). When
a device m is sampled, it transmits its most recent packet to the serving UAV nm and it will
replace any of its older packet at nm [71]. Then when it is updated, the packet is transmitted
from UAV nm to the TBS. At any slot, each channel can support at most 1 packet.

3.3.2 Age of Information (AoI) at the UAV and TBS

We employ Age of Information (AoI) to measure the freshness of information. In particular,
AoI is defined as time elapsed since the generation time of the most-recent packet received
(by the UAV/TBS in our case). The AoI of IoT device m at UAV nm is denoted as
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AoIUAVm (t) = t− τs,m (3.1)

where t is the current slot and τs,m is the generation time of the most recently sampled packet
of device m that was received successfully at UAV nm. Similarly, the AoI of device m at the
TBS is

AoITBSm (t) = t− τu,m (3.2)

where τu,m is the generation time of the most recently updated packet of the mth IoT device
that was received successfully at the TBS. Based on Eqn. (3.1) and (3.2), AoI increases
linearly in time slots of no reception and decreases at reception instants.

The evolution of AoI with time at the UAVs and TBS is described next. At t, if device m
was selected for sampling, i.e., m ∈ S(t), its AoI at the UAV changes as

AoIUAVm (t+ 1) =

t+ 1− τs,m with prob. 1− ls,m
AoIUAVm (t) + 1 with prob. ls,m

(3.3)

Else if the device m was not sampled, i.e., m /∈ S(t), its AoI at the UAV changes as

AoIUAVm (t+ 1) = AoIUAVm (t) + 1 (3.4)

Similarly AoI for IoT device m at the TBS when selected for update such that m ∈ U(t)
and when not selected for update such that m /∈ U(t) are shown in Eqn. (3.5) and (3.6).

AoITBSm (t+ 1) =

AoIUAVm (t) + 1 with prob. 1− lu,m
AoITBSm (t) + 1 with prob. lu,m

(3.5)

AoITBSm (t+ 1) = AoITBSm (t) + 1 (3.6)

Thus a device’s AoI increases at the UAVs and the TBS if-
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• it was sampled/updated but the packet was lost in transmission,

• it was not sampled/updated.

As the information is relayed through the UAVs, AoIUAVm directly impacts AoITBSm . Note
that the communication between a device and the TBS has a delay of a single slot, due to
which information sampled by an UAV at a certain slot cannot be updated to the TBS in
the same slot [106].

Finally, the average AoI of all IoT devices at the UAVs and the TBS during the observation
interval T is calculated as Eqn. (3.7) and (3.8) respectively

AoIUAV (T ) =
1

M

T∑
t=1

M∑
m=1

AoIUAVm (t) (3.7)

AoITBS(T ) =
1

M

T∑
t=1

M∑
m=1

AoITBSm (t) (3.8)

Problem formulation: Our objective to design a scheduler that ensures minimum AoI corre-
sponding to all IoT devices at the TBS. Given Sn(t) and U(t) respectively denote the set of
the IoT devices sampled by each UAV n ∈ N and updated to the TBS at a certain time slot
t ∈ T , we formulate the AoI-aware scheduling problem as the minimization of the average
AoI of all IoT devices at the TBS (Eqn. (3.8)) subject to the limited channel constraints, as
follows.

minAoITBS(T )

s.t. |Sn(t)| ≤ L, ∀n ∈ N and t = 1, 2...T (3.9)
|U (t)| ≤ K, t = 1, 2...T (3.10)

where constraint (3.9) and (3.10) refers to the limited number of channels for the sampling
and updating respectively. Table 3.1 summarizes all the notations used in the chapter.
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Table 3.1: Notations

Meaning Symbol
Number of IoT devices M

Number of UAVs N

IoT devices associated to UAV n mn

UAV providing coverage to device m nm
Packet generation periodicity of device m pm
AoI of device m at UAV AoIUAVm

AoI of device m at TBS AoITBSm

Packet loss between device m and UAV nm ls,m
Packet loss between device m and TBS lu,m
Devices sampled at t by UAV n Sn(t)
Devices sampled at t={S1(t),S2(t), ..SN (t)} S(t)
Devices updated at t U(t)
Channels at each UAV L

Channels at the TBS K

3.4 Scheduling Policies

We first propose a simple low-complexity centralized , Maximal AoI First-Maximal AoI
Difference (MAF-MAD) scheduling algorithm to solve the above problem. MAF-MAD runs
at the TBS and its underlying idea is to sample users with maximum AoI at the serving
UAV, and update IoT devices with maximum AoI difference between the UAV and the TBS.
We show that MAF-MAD is an optimal scheduler for UAV-relayed IoT networks under ideal
conditions where (i) the channels are non-lossy and (ii) all the IoT devices follow generate-
at-will traffic generation models. However, under general conditions (i.e., lossy channels
and periodic traffic generation models), the scheduling decisions need to incorporate packet
generation instants and channel non-idealities, which is not possible in case of MAF-MAD
scheduler. Thus, we propose a centralized learning algorithm based on Deep Q networks
(DQN), which we call DQN-based scheduler. DQN based scheduler also runs at the TBS and
learns the unique network characteristics, and thus, promises to perform well for UAV-relayed
IoT networks under realistic conditions.

3.4.1 MAF-MAD Scheduler

The algorithmic details of Maximal AoI First - Maximal AoI Difference (MAF-MAD) sched-
uler are presented in Algorithm 3. At any time t ∈ T , the inputs to the this algorithm are
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AoI of each IoT device m ∈ M at its serving UAV AoIUAVm (t) and at the TBS AoITBSm (t).
For the sampling step in line 3, each UAV n samples L IoT devices with the maximal AoI,
AoIUAVm (t), first (MAF) from the mn IoT devices associated with it. Note that ideally we
should consider AoI difference between the UAV and the IoT device, but this is not feasible
as the scheduler doesn’t know the traffic generation instants of the IoT devices. However
when devices generate packets using generate-at-will traffic model, any device which is se-
lected to be sampled will generate a new packet at that slot due to which AoIUAVm (t) also
becomes the AoI difference between the UAV and the IoT device.

Then for the updating step, devices with maximal AoI difference (MAD) between the UAV
and TBS are prioritized. This AoI difference is calculated as

AoIdiffm (t) = AoITBSm (t)− AoIUAVm (t) (3.11)

where AoITBSm (t) ≥ AoIUAVm (t). The TBS updates K users out of the total M IoT devices
with the highest AoIdiffm (t), as shown in line 5.

Algorithm 3 MAF-MAD scheduler
Input: AoIUAVm (t) and AoITBSm (t) for m ∈M .
Output: S(t),U(t).
1: S(t) = ϕ
2: for UAV n = 1, 2, ..N do:
3: Sn(t) = arg maxS⊆mn,|Sn(t)|≤L{AoI

UAV
m (t)}mn

m=1

4: S(t) = S(t) ∪ Sn(t)
5: U(t) = arg maxU⊆M,|U(t)|≤K{AoI

diff
m (t)}Mm=1

Theorem 3.1. Under ideal conditions, i.e., no lossy channels and generate-at-will sampling
at IoT devices, MAF-MAD is the optimal scheduling policy for minimizing average AoI at
the TBS for status updates generated at each IoT device.

Proof. As also presented in [106], to minimize the AoI at a destination (AoITBS(T ) in our
case), at each slot t = 1, 2, . . . , T the optimal scheduler needs to

• sample devices whose packet reception at the relay (UAV in our case) will lead to the
maximum reduction of average AoI at the relay,
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• update devices whose packet reception at the TBS will lead to the maximum reduction
of average AoI at TBS.

We first show that sampling as per MAF-MAD offers the maximum reduction in average
AoI at all the UAVs.

AoI reduction at the UAVs: Consider a UAV n providing coverage to |mn| (out of M)
IoT devices. At slot t, the average AoI of these IoT devices at UAV n is

AoIUAVn (t) =
1

M

mn∑
i=1

AoIUAVi (t) (3.12)

and from the result cited above, the optimal scheduler will sample those devices which will
lead to maximum reduction of average AoI at n from AoIUAVn (t) to AoIUAVn (t+ 1).

For simplicity, assume L=K=1. Therefore the scheduler needs to select L=1 device to
sample. Let device j ∈ mn have the largest AoI at n such that

AoIUAVj (t) = max(AoIUAV1 (t), AoIUAV2 (t), . . . AoIUAVmn
(t)). From Algorithm 3 step 3, at t the

MAF-MAD scheduler will sample the jth device. Then the reduction in the average AoI at
n is

∆AoIUAVn (t+ 1) =
1

M
(AoIUAVn (t)− AoIUAVn (t+ 1))

=
1

M

mn∑
i=1

(AoIUAVi (t)− AoIUAVi (t+ 1)) (3.13)

For the |mn| − 1 unsampled devices, their AoIUAV (t + 1) increases by 1 (Eqn. (3.4)).
AoIUAV (t + 1) for j becomes t + 1 − τs,m as per Eqn. (3.3) under no packet loss. Ad-
ditionally for generate-at-will, j will generate a packet at t, i.e., τs,m = t, as it was sampled
at t. Therefore Eqn. (3.13) becomes
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∆AoIUAVn (t+ 1) =
1

M
(

|mn|∑
i=1,i ̸=j

(AoIUAVi (t)− AoIUAVi (t+ 1)) + (AoIUAVj (t)− AoIUAVj (t+ 1)))

=
1

M
(−(|mn| − 1) + AoIUAVj (t)− (t+ 1− t))

=
1

M
(AoIUAVj (t)− |mn|) (3.14)

Now for any other scheduler that selects device j′ to sample where j′ ̸= j and hence
AoIUAVj (t) > AoIUAVj′ (t), the reduction in AoI at n will be given by

∆
′
AoIUAVn (t+ 1) =

1

M
(AoIUAVj′ (t)− |mn|) (3.15)

Now comparing Eqn. (3.14) and (3.15), ∆AoIUAVn (t + 1) > ∆
′
AoIUAVn (t + 1). Because all

the UAVs n ∈ N operate independently, the same result holds for other UAVs too. Hence
the MAF-MAD scheduler offers the largest AoI reduction at all the UAVs in the sampling
step.

AoI reduction at the TBS: In the updating step, the scheduler needs to select K=1
device to update. From Algorithm 3 step 5, at t the MAF-MAD scheduler will update
the kth device such that AoIdiffk (t) = max(AoIdiff1 (t), AoIdiff2 (t), . . . , AoIdiffM (t)). After the
update, the reduction in average AoI at the TBS is

∆AoITBS(t+ 1) =
1

M
(AoITBS(t)− AoITBS(t+ 1))

=
1

M
(
M∑
i=1

(AoIBSi (t)− AoITBSi (t+ 1))) (3.16)

For M − 1 devices that were not updated, their AoITBS(t + 1) increases by 1 (Eqn. (3.6)).
AoITBS(t+1) for the updated device k will change as per Eqn. (3.5) when there is no packet
loss. Therefore Eqn. (3.16) becomes
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∆AoITBS(t+ 1) =
1

M
(

M∑
i=1,i ̸=k

(AoITBSi (t)− AoIBSi (t+ 1)) + (AoITBSk (t)− AoITBSk (t+ 1)))

=
1

M
(−(M − 1) + AoITBSk (t)− AoIBSk (t+ 1))

=
1

M
(−M + 1 + AoITBSk (t)− AoIUAVk (t)− 1)

=
1

M
(AoIdiffk (t)−M) (3.17)

Now for any other scheduler that selects device k′ to sample where k′ ̸= k and hence
AoIdiffk (t) > AoIdiffk′ (t), the reduction in average AoI at the TBS will be given by

∆
′
AoITBS(t+ 1) =

1

M
(AoIdiffk′ (t)−M) (3.18)

Comparing Eqn. (3.17) and (3.18), we see ∆AoITBS(t + 1) > ∆
′
AoITBS(t + 1). Hence

MAF-MAD also leads to the maximum reduction in average AoI at the TBS. Therefore
when there is no packet loss at any of the sampling and updating steps, and the devices
generate traffic based on generate-at-will policy, MAF-MAD is the optimal scheduler for
minimizing AoITBS(T ).

3.4.2 Deep Q Network (DQN) based scheduler

The requirement of taking the channel non-idealities and traffic generation patterns moti-
vates the use of a reinforcement learning (RL) based scheduler. In RL, an agent is able to
take an informed decision on which actions to take after interacting with the environment
as the interaction allows it to learn about the environment. A typical RL framework has
an agent (scheduler in our case) that takes an action (devices to sample and update) after
observing the environment state, following which it gets a reward which is like a feedback
on the quality of the action taken. We use a Q-learning algorithm [95] to design a scheduler
with the objective of AoI minimization.
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In Q-learning, a state-action value function Qπ(x(t), a(t)) is defined as the net reward when
the system performs action a(t) while starting from state x(t) and then follows policy π.
Q-learning tries to calculate the Q-value function by learning a policy which will maximize
the cumulative reward. This is done using the Bellman update rule shown in Eqn. (3.19)
below:

Qt+1(x(t), a(t)) = Qt(x(t), a(t)) + β[r(t) + γmax
a
Qt(x(t + 1), a) − Qt(x(t), a(t))] (3.19)

where r(t) is the reward at slot t. β and γ are the learning rate and the discount factor
respectively. Discount factor signifies how important the future rewards are and is set to a
value between 0 and 1. As our problem has a terminal state when t = T , it is an episodic
task and hence γ is set to 1 [19].

The agent approximates the Q-function using Eqn. (3.19) and then takes the action that
maximizes the reward. As the agent will not have the correct estimate of the Q-values
corresponding to many state-action pairs as a consequence of not visiting them, it needs to
explore in addition to exploiting the known values of state-action pairs. This is known as
the exploration-exploitation trade-off. An epsilon (ϵ) greedy approach where the agent takes
a random action with the objective of exploring the environment with probability ϵ and acts
greedily with probability 1 − ϵ is generally used to ensure the agent doesn’t get stuck with
sub-optimal actions.

While Eqn. (3.19) can be theoretically used for all scenarios, its iterative nature makes it
infeasible to be used for large state spaces as it will suffer from very slow convergence in
addition to needing a large memory [19]. Moreover this approach cannot be used when there
are unobserved states [95] and visiting every state-action pair is not practical. This is where
the approximating power of neural networks are put to use as they can extract the important
features from the available data points and summarize them in smaller dimensions. Neural
networks approximates the Q-value function as Q(x, a|θ) where θ are its weights, and this
approach for Q-learning is known as Deep Q-Networks (DQN) and is based on a Markov
Decision Process (MDP) formulation of the problem [84]. The goal is to find the optimal
weights θ so that the neural network can approximate the optimal Q-value function as close
as possible. However the use of a single neural net may cause instability and therefore
two neural networks with the same architecture are used: the current neural network with
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weights θ and a target neural network with weights θ−. While the current network acts as
a function approximator and its weights are updated iteratively after each slot, the target
network computes the target Q-value function and its weights are fixed for a while and
updated every O slots [84].

At each time step, the experience of the agent is stored in experience replay which is also
called replay memory and has a size R. The experience at time t is denoted as exp(t) =

(x(t), a(t), r(t), x(t + 1)) and provides a summary of the agent’s experience at that time.
The replay memory is then used to randomly sample a mini-batch of stored experiences
x(t′), a(t′), r(t′), x(t′+1) which will be used to train the neural network. The primary benefit
of using random samples from replay memory to learn instead of consecutive samples as the
agent encounters them is that consecutive experiences have high correlation which may lead
to inefficient learning [82]. Therefore at each episode, a mini-batch of B past experiences
are fed as an input to the DQN. The loss function is given by

L(θ) = [r(t′) + γmax
a(t′)

Q(x(t+ 1), a(t′)|θ−)−Q(x(t), a(t)|θ)]2 (3.20)

where Q(x(t+1), a(t′)|θ−) is evaluated by the target network and Q(x(t), a(t)|θ) is evaluated
using the current network. The weights are then updated as shown in Eqn. (3.21).

θ = θ + α(y(t′)−Q(x(t′), a(t′)|θ))∇θQ(x(t
′), a(t′)|θ) (3.21)

where y(t′) = r(t′) +maxaQ(x(t′ + 1, a|θ−)) and ∇θ denotes the gradient with respect to θ.

The state, action and reward in the context of our work is explained next.

State Space

State is the scenario encountered by the scheduler. We define our state as

x(t) = (t, {AoIUAVm (t)}Mm=1, {AoITBSm (t)}Mm=1) (3.22)

where t is the ongoing slot. At t=1, AoIUAVm (t) and AoITBSm (t) are initialized to 1. The set
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of state space is denoted by X .

Action Space

As described in Sec. 3.3, scheduling involves two simultaneous steps of sampling updating
devices at each slot. Therefore the action at each slot t is the same as we do in the DQN-based
scheduler–

a(t) = (S(t),U(t)) (3.23)

where S(t)={S1(t), S2(t), ..SN(t)} is the set of all devices sampled by all the UAVs at slot t
such that |Sn(t)| ≤ L ∀ n ∈ N . Similarly, U(t) is the set of devices selected to update their
packets to the TBS where |U(t)| ≤ K. The set of action space is denoted by A.

Reward

As the objective is improving the information freshness at the TBS, the reward is given by
the negative of the average AoI of all the devices at the TBS at slot t

r(x(t), a(t)) = r(t) = −
M∑
m=1

AoITBSm (t) (3.24)

Based on action a(t), the environment transitions from state x(t) to a new state x(t + 1)

according to the state transition probabilities described in Eqn. (3.3), (3.4), (3.5), (3.6)
while resulting in a reward r(t). Thus it is a finite horizon MDP with finite state and action
spaces, which makes it suitable for DQN.

The DQN based scheduler is shown in Fig. 3.2 and explained in Algorithm 4. The hyper-
parameters and the network are initialized in lines 1 - 2. For each step, a random action is
taken with probability ϵ or the action with the highest Q-value is selected with probability
1-ϵ in lines 6 - 8. The selected action is performed and environment transitions to the new
state in lines 9-10. Line 11 stores the resulting experience in the replay memory. Then a
mini-batch of samples is used to train the network in lines 12-17, after which the weights
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of the current network are updated in lines 18. Line 19 updates the target network weight
every O slots.

Convergence: Convergence of neural networks are hard to be analytically investigated and
is strongly dependent on the set of hyper-parameters used [57]. Selection of hyper-parameters
is a challenging task and therefore a reasonable set of hyper-parameters is found by trying
out different values. More details on the hyper-parameters used in our case are presented
in Sec. 3.5. Similar to [19, 53, 106, 127], we limit our investigation into the convergence to
simulations, where the neural network converges under the hyper-parameters used and the
results presented for the DQN scheduler are the values obtained after it’s convergence.

Figure 3.2: Architecture of the Deep Q Network used

3.5 Results

In this section, the results are presented in terms of average AoI at the TBS achieved for
MAF-MAD and DQN schedulers, and compare them to three baseline schedulers (See sub-
section V.A). We first focus on smaller IoT network setting (with 10’s IoT devices) and
investigate the efficacy of proposed algorithms against the baseline ones. Furthermore, we
also investigate the effect of various control parameters, such as the number of channels, IoT
devices and UAVs. Finally, we discuss the comparative analysis of all the schedulers in the
case of larger IoT network setting as well.
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Algorithm 4 DQN scheduler
1: Initialize the replay memory R, probability ϵ, current network weights θ, target network weights

θ−. Set episode = 1.
2: Initialize the current network Q(s, a|θ) and the target network Q(s, a|θ−).
3: for episode=1:E do
4: initialize the environment by setting t = 1.
5: for t=1:T do
6: Select an action a:
7: select a random action a ∈ A with probability ϵ,
8: otherwise select a = arg maxaQ(x(t), a|θ).
9: Perform action a.

10: Observe the reward r(t) and the new state x(t+ 1).
11: Store experience {x(t), a(t), r(t), x(t+ 1)} in replay

memory.
12: Sample a random mini-batch B of transitions

x(t′), a(t′), r(t′), x(t′ + 1) from the replay memory.
13: Calculate target value:
14: if x(t′ + 1) is a terminal state then
15: y(t′) = r(t′),
16: else
17: y(t′) = r(t′) + maxaQ(x(t′ + 1, a|θ−)).
18: Update θ using the weight update rule as per Eqn. (3.21).
19: Update target network by setting θ− = θ every O steps.
20: Episode ends if x(t+ 1) is the terminal state.

3.5.1 Baseline schedulers

• Maximal AoI First (MAF) scheduler – devices with highest AoI at both the UAV
and TBS are selected for sampling and updating respectively [109]. For sampling, each
UAV selects L devices with highest AoIUAVm (t) out of the mn devices associated to it.
Similarly for updating, K devices out of the total M with highest AoITBSm (t) get to
update their packets.

• Round Robin (RR) Scheduler – under RR, the available channels are assigned in
equal and circular fashion among the devices which ensures fairness among the devices
[87]. In our version of RR, all the devices are given equal weights unlike weighted RR
where the weights play a role in the fairness with higher weights demanding to higher
allocation.

• Random scheduler – This a baseline scheduler where a random set of devices are
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selected to be sampled and updated under the pre-specified channel constraints.

3.5.2 Simulation setting

The IoT devices and UAVs are placed randomly [79] in an area of l = b =1000m and
observation interval T=10 slots. Simulations for the DQN scheduler are performed using
the tf-agents library [9]. The fully connected neural net has two hidden layers and the
architecture is |X | ×H1×H2× |A|. The DQN is implemented on an NVIDIA DGX station
with an Intel Xeon E5-2698 v4 CPU and an NVIDIA Tesla V100 GPU (32 GB memory).
Data communication between CPU and GPU takes place through a PCIe 3.0 X16 slot. DQN
hyper-parameters are shown in in Table 3.2. The results for the other schedulers are averaged
over 104 runs.

Table 3.2: DQN Parameters

Neurons in hidden layer 1 H1 1024
Neurons in hidden layer 2 H1 1024

Relay memory size R 50,000
Mini batch size B 16
Learning rate β 0.001

Learning rate decay rate 0.95
Learning rate decay step 10,000

Discount factor γ 1
Activation function ReLU

Update steps O 10
Optimizer Adam

Total episodes E 106

3.5.3 Smaller IoT networks

These IoT networks contain 5-10 IoT devices. Such networks are used for monitoring in-
doors/outdoors particulate matter pollutants where a single type of sensor is able to monitor
particulates of various sizes [97]. We use L = K = 1 and simulate 2 scenarios: first with
M = 12 IoT devices equally assigned to N = 2 UAVs, and then M = 9 IoT devices equally
assigned to N = 3 UAVs.
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(a) ideal conditions (b) general conditions

Figure 3.3: AoITBS(T ) for smaller IoT networks

Under Ideal Conditions

Here the devices generate traffic using a generate-at-will model with no packet loss in any
of the channels. The results shown in Fig. 3.3a confirm that MAF-MAD is the optimal
scheduling policy and outperforms all other scheduling policies. As DQN is able to learn the
the optimal scheduling, it’s performance also converges to MAF-MAD’s performance. MAF
and RR have similar performance while random performs the worst. With MAF-MAD and
DQN performing similarly, their performance exceeds MAF, RR and random by 5%-10%,
5%-10% and 11%-17% respectively.

Under general conditions

The results are shown in Fig. 3.3b and we see that DQN outperforms MAF-MAD and
all other schedulers under these conditions, i.e., generate at will packet generation model
and non-lossy channels. Therefore, MAF-MAD scheduler is no longer optimal under these
conditions. MAF-MAD is followed by MAF, RR and random. DQN’s performance ex-
ceeds MAF-MAD, MAF, RR and random by 9%-10%, 16%-18%, 17%-18% and 18%-20%
respectively.

To understand why DQN has the best performance, we show the individual AoI of the devices
at TBS at t = T for lossy channel with generate-at-will traffic generation in Fig. 3.4a and
non-lossy channels with periodic traffic generation in Fig. 3.4b. N = 2 UAVs are providing
coverage to M = 12 IoT devices with the IoT devices equally distributed between the UAVs.
For Fig. 3.4a, while the results could be shown for any channel condition, we pre-assign the
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(a) packet loss (b) periodic traffic generation

Figure 3.4: AoI of individual IoT devices

packet loss probabilities ls,m and lu,m for ease of reproducibility [71]. Under lossy channel
conditions, focusing on channels that improve packet receptions will minimize average AoI
and the DQN based scheduler will learn this. The average AoI per device for DQN, MAF-
MAD, MAF, RR and random were - 8.00, 8.55, 9.29, 9.34, 9.58 respectively and as expected,
DQN has the best performance. Similarly in Fig. 3.4b, pm is selected randomly between
2,3,4 and pre-assigned for the devices. The average AoI for DQN, MAF-MAD, MAF, RR
and random were - 7.65, 8.10, 9.88, 10.18, 10.47 respectively, and it can be seen that the
DQN based scheduler has lowest AoI for most of the devices. This means DQN is able to
learn the periods of packet generation at the devices and sample them accordingly, which
the other schedulers are unable to do.

We now investigate the effect of different parameters on average AoI at the TBS under
general conditions.

Variable M (IoT devices) For L=2, K=1, we deploy N = 3 UAVs and vary the total
number of IoT devices M . The IoT devices are assigned equally among the 3 UAVs. The
results are shown in Fig. 3.5a - as M increases, average AoI at the TBS increases too. This
is because while M increases, number of channels (L, K) remain same due to which each
device now has lesser chances of getting sampled and updated, resulting in increased average
AoI at the TBS.
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(a) variable number of users (M) (b) variable number of UAVs (n)

Figure 3.5: AoITBS(T ) for varying users and UAVs

Variable N (UAVs) With L=2, K=1, we placeM = 10 IoT devices and vary the number
of UAVs deployed. The IoT devices are assigned equally among the UAVs with the remaining
IoT devices assigned to the last UAV, if any. The results are shown in Fig. 3.5b - for constant
M , K and L, average AoI at the TBS remains mostly same. This is because even though
N is increased, K remains the same for all. Hence capacity of information transfer from the
UAVs to the TBS is the same which results in similar average AoI at the TBS.

Varying number of channels (L and K) First for fixed K=1, M=9 IoT devices are
allocated equally between N=3 UAVs. L is varied and the results for average AoI at the
TBS are shown in Fig. 3.6b. As L increases, we don’t see any noticeable improvement in
average AoI at the TBS. A higher L will improve the AoIUAV (T ) (see Fig. 3.6a), but this
benefit is not passed on to the TBS as seen from Fig. 3.6b. This indicates that increasing L
doesn’t help much in improving average AoI at the TBS. The average AoI at the UAV for
L=3 in Fig. 3.6a is the same for all the schedulers as L = mn = 3, ∀n ∈ N , due to which
all the devices get equally sampled.

Then for the same setting as above, we vary K keeping other parameters constant. L is
set to 3 so that each UAV can sample all 3 devices under it at each slot. Therefore the
AoIUAV (T ) is the same for all the four schedulers as seen from Fig. 3.7a. Then average AoI
at the TBS is shown in Fig. 3.7b. Here we see an improvement as K is increased due to
which more information can be transferred from the UAVs to the TBS at each slot resulting
in lower average AoI at the TBS. This shows that the channels between the UAVs and the
TBS is more important and critical bottleneck compared to the channels between the IoT
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(a) AoIUAV (T ) (b) AoITBS(T )

Figure 3.6: Variable channels at the UAVs (L)

(a) AoIUAV (T ) (b) AoITBS(T )

Figure 3.7: Variable channels at the TBS (K)

devices and the UAVs in improving average AoI at the TBS.

3.5.4 Larger IoT networks

Now we consider networks requiring around 50 IoT devices and these types of networks are
deployed where low number of devices are not able to capture enough information. E.g. in
agricultural fields, multiple sensors for capturing moisture, temperature levels etc are needed
[43].
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(a) AoIUAV (T ) (b) AoITBS(T )

Figure 3.8: AoI(T) fro larger networks

Experimental Results

We set L = K = 2 and simulate two scenarios: first we placeM = 60 IoT devices and assign
then equally among N = 2 UAVs, and secondly M = 45 devices are assigned equally among
N = 3 UAVs. The results under ideal and general scenarios are shown in Fig. 3.8a and Fig.
3.8b respectively.

This result helps us draw key challenges and a future road-map for further research. From
Fig. 3.8a and Fig. 3.8b, it is evident that DQN does badly in terms of AoI minimization for
larger networks with MAF-MAD having the best performance under both conditions. This
is because, as the network size increases, the action space also increases and DQN doesn’t
provide satisfactory performance when the action space is very large [125]. Due to this, works
involving DQN for scheduling in IoT networks to improve AoI have been limited to smaller
networks [19, 53, 54, 106, 127]. An alternative approach for larger scenarios is distributed
multi-agent learning [121] where each UAV and the TBS acts as independent agents, and
this will be explored in a future version of this work.

3.6 Motivation for a Proximal Policy (PPO) Based Sched-
uler

While the MAF-MAD scheduler provides the best AoI minimization under ideal conditions,
however as shown in our preliminary work [37] and also in Sec. 3.7, it doesn’t do well under
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general conditions with lossy channels and periodic packet generation at the IoT devices,
both of which are unknown apriori at the scheduler. This motivates for a reinforcement
learning (RL) based approach where the scheduler can learn these characteristics. In the
previous section, we showed that while a DQN based scheduler works well for networks
having small number of actions, it doesn’t scale with network size. In this work, we propose
an actor critic based approach, PPO, that is suitable for such scenarios. Details on the PPO
scheduler and comparison between the PPO and DQN schedulers will be discussed in the
upcoming sections.

PPO Preliminaries

Before presenting the proposed method, we give a brief introduction to deep RL and PPO
in this section.

Episode, Return, and Value function In RL, mathematical entities commonly known
as agents, learn to make optimal decisions by interacting in an unknown environment and
exploiting the received feedback. Usually, Markov Decision Process (MDP)1 is used to
simulate such environment that requires decision making in situations where outcome is
partly random and partly under the control of the decision maker or agent. MDP is formally
defined as the tuple {X ,A,T ,p(x0),γ}. Therefore, the environment consists of a transition
function T : X ×A → p(X ) and a reward function R : X ×A×X → R. At time slot t, the
agent observe some state xt ∈ X and picks an action at ∈ A with policy π(at|xt) : X → p(A).
As a result, the environment transitions to a next state xt+1 ∼ T (·|xt, at) and returns a scalar
reward rt = R(xt, at, xt+1). The first state x0 is sampled from the initial state distribution
p(x0). Finally, γ ∈ [0, 1] is the discount factor.

The agent interacts with the environment until it reaches the terminal state or reaches the
time limit T 2, completing an episode τ={x0,a0,r0,. . . ,xt,at,rt,. . . ,xT−1,aT−1,rT−1,xT}. Thus
quality of state xt can be realized as the cumulative sum of rewards from xt to the end of the
episode τ , which is known as the return Gt, see Eqn. (3.25). However, due to the stochastic
nature of the environment, there can be many possible next states xt+1, resulting multiple
return Gt values from state xt for different episodes. Therefore, quality of state xt is defined

1Markov Decision Process is a discrete-time stochastic control process.
2Note that, T is the observation interval and usually very small than total time duration T



3.6. MOTIVATION FOR A PROXIMAL POLICY (PPO) BASED SCHEDULER 71

by the value function V (xt), as the expected return from state xt, see Eqn. (3.26).

Gt =
T∑
t̂=t

γ t̂−trt̂ (3.25)

V (xt) = E [Gt | xt] (3.26)

Actor-Critic methods The primary objective of the agent is to behave optimally with
policy π(at|xt) so that it can obtain a high cumulative reward Rτ = r0+r1+r2+ · · ·+rT−1 in
episode τ . Lets say p(τ) is the probability of sampling episode τ with current policy π(at|xt).
In stochastic policy gradient methods, we maximize the cost function J(π) =

∑∞
τ=1 p(τ)Rτ

with respect to the policy π(at|xt) to increase the likelihood of sampling the most rewarding
episode under the policy.

In practice, the state xt can be multi-dimensional, making it infeasible for traditional table
based RL approaches [119]. This provides a clear path for the application of universal
function approximators (i.e, neural networks) to model policy π(at|xt) with parameter θ.
Similarly, value function V (xt) is modeled with parameters ψ. The parameterized policy
π(at|xt; θ) and the value function V (xt;ψ) is commonly known as the actor and the critic
network respectively.

While the actor network interacts with the environment and collect experiences {xt,at,rt,xt+1},
the advantage is computed as shown in Eqn. (3.27). Advantage At represents the incentive
obtained by taking action at at state xt from the prospective of the critic network. Sub-
sequently, the actor and the critic network is jointly optimized by back-propagating the
gradients from Eqn. (3.28) and Eqn. (3.29).

At = rt + γV (xt+1;ψ)− V (xt;ψ) (3.27)
∇θJ(θ) = E [∇θ log π(at|xt; θ)At] (3.28)

∇ψL(ψ) = E [(Gt − V (xt;ψ))∇ψV (xt;ψ)] (3.29)

Proximal Policy Optimization The actor-critic algorithms that rely on the policy gra-
dient formulation suffer from divergent behavior unless we impose a mechanism to constrain
the change of the actor’s policy. The primary reason is the on-policy data collection for
optimizing the actor and the critic network. This issue is addressed in [100] by introducing
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trust-region policy updates. Since then, actor-critic algorithms have excelled at tackling real-
world problems due to their increased efficiency and stability with respect to Q-Learning.
Proximal Policy Optimization (PPO) is the recent addition to such class of algorithms and
therefore inherits the aforementioned properties. Moreover, PPO improves the efficiency
further and achieves trust-region policy updates by simply clipping the probability ratio
ζt ∈ [1 − ϵ, 1 + ϵ] between the current π(at|xt; θ) and the old π(at|xt; θold) actor policies.
PPO optimizes the actor network with the gradients shown in Eqn. (3.30) and also leverages
entropy H(θ) based regularization to encourage exploration at early stages of learning. The
combined gradient in Eqn. (3.31) optimizes the actor and the critic networks simultane-
ously, where c1, c2 are constants.

∇θJ(θ) = E
[
∇θMin(ζtAt, [ζt]

1+ϵ
1−ϵAt)

]
(3.30)

where, ζt =
π(at|xt; θ)
π(at|xt; θold)

∇θ∪ψL(θ ∪ ψ) = −∇θJ(θ) + c1∇ψL(ψ)− c2∇θH(θ) (3.31)

MDP formulation

In this section, we formulate the packet scheduling to minimize AoI at UAV-relayed IoT
networks as an MDP for the PPO scheduler. The state, action and reward in the context of
our work is explained next.

State Space State is the scenario encountered by the scheduler. For the PPO-based
scheduler, we define our state as

xt = {t̂, {AoIUAVm (t̂)}Mm=1, {AoITBSm (t̂)}Mm=1}t−z+1
t̂=t

(3.32)

where t is the ongoing time slot and z is the stacking size. The stacking size is discussed in
Sec. 3.7.1. At t=1, AoIUAVm (t) and AoITBSm (t) are initialized to 1. The state space is denoted
by X .



3.6. MOTIVATION FOR A PROXIMAL POLICY (PPO) BASED SCHEDULER 73

Action Space As described in Sec. 3.3, scheduling involves two simultaneous steps of
sampling and updating devices at each time slot. Therefore the action at each time slot t is

at = (S(t),U(t)) (3.33)

where S(t)={S1(t), S2(t), ..SN(t)} is the set of all devices sampled by all the UAVs at time
slot t such that |Sn(t)| ≤ L ∀ n ∈ N . Similarly, U(t) is the set of devices selected to update
their packets to the TBS where |U(t)| ≤ K. The action space is denoted by A, where
|A| = (

∏
i
miCL)× MCK . Note that the Eqns. (3.23) and (3.33) are identical as the actions

in both the DQN and PPO-based schedulers are same.

Reward As the objective is improving the information freshness at the TBS, the reward
is given by the negative of the average AoI of all the devices at the TBS at time slot t+ 1

rt = R(xt, at, xt+1) = −
M∑
m=1

AoITBSm (t+ 1) (3.34)

Note that Eqns. (3.24) and (3.34) are similar as both the MDP formulations are based on
minimizing the AoI at the TBS. Based on action at, the environment transitions from state
xt to a new state xt+1 according to the state transition probabilities described in Eqn. (3.3),
(3.4), (3.5), (3.6) while resulting in a reward rt. Thus it is a finite horizon MDP with finite
state and action spaces, which makes it suitable for RL approaches.

Voting mechanism

Here, we propose the voting mechanism, which efficiently captures the action space A for
sampling and updating packets at UAV n ∈ N and TBS respectively. The advantage of
using voting to sample L packets from mn devices at UAV n ∈ N is following- at time slot
t, we compute votes vti ∀ i ∈ mn devices and sample packets from Sn(t) devices with top L
votes as shown in Eqn. (3.35). Hence, we can capture mnCL possible sampling actions with
mn votes. Similarly, we can update K packets to the TBS from M devices with Eqn. (3.36).
The benefit of this approach will be clearer if we consider all N UAVs and the TBS, since
we only have to compute (

∑N
n=1mn) +M = 2M votes to represent an action space with

cardinality |A| = (
∏

i
miCL)× MCK .
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Figure 3.9: Actor and Critic network architectures

Sn(t) = argmax
S′⊆mn,|S′|≤L

{vti}mn
i=1 ∀ n ∈ N (3.35)

U(t) = argmax
U ′⊆M,|U ′|≤K

{vti}Mi=1 (3.36)

The PPO-based scheduler leverages this voting mechanism, as shown in Figure 3.9. At
time slot t, the actor network π(at|xt; θ) outputs 2M normal distributions {N (µti, σi)}2Mi=1

with mean µt = {µti}2Mi=1 and standard deviation3 σ = {σi}2Mi=1 to compute the votes as
{vti : vti ∼ N (µti, σi)}2Mi=1. Thereafter, the votes are converted to Sn(t) ∀ n ∈ N and U(t) as
per Eqns. (3.35) and (3.36), which are combined to obtain the final action at as given in
Eqn. (3.23).

Algorithmic Description

As shown in Algorithm 5, in the beginning, the PPO-based scheduler randomly initializes
the parameters θ and ψ of the actor π(.) and critic V (.) networks, respectively (Line 1). It

3Note that, PPO based scheduler explores the action space by increasing entropy H(θ) = 1
2 log(2πσ2)+ 1

2 ,
see Eqn. (3.31).
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Algorithm 5 PPO-based scheduler
1: Initialize actor π(at|xt; θ), critic V (xt;ψ)
2: Initialize actor’s old parameters, θold ← θ
3: for iteration ← 1, 2 …⌈ T

E×T ⌉ do
4: Replay Buffer B ← {}
5: for episode ← 1, 2 …E do
6: for time slot t ← 0, 1, 2, . . . T − 1 do
7: Observe current state xt
8: Execute action at ∼ π(·|xt; θold)
9: Observe next state xt+1 and, reward rt

10: Compute Advantage At using Eqn. (3.27)
11: B ← B ∪ {xt, at, rt, xt+1, At}
12: for epoch← 1, 2, . . . η do
13: Sample minibatch bm ∼ B of size |bm| ≤ E × T
14: Compute gradients ∇θ∪ψL(θ ∪ ψ) using Eqn. (3.31)
15: Optimize parameters θ and ψ with the gradients:
16: θ ← θ − α∇θL(θ ∪ ψ)
17: ψ ← ψ − α∇ψL(θ ∪ ψ)
18: Update actor’s old parameters, θold ← θ

also initializes the actor’s old parameters θold with θ (Line 2).

Next, the replay buffer B is (re)initialized to store new experiences (Line 4). Following it,
the actor interacts with the environment for E episodes, where each episode is of length
T . At time slot t of an episode, the actor and the critic network observes the state xt.
Note that, the actor network utilizes its old parameters θold to compute action at. Next,
action at is executed in the environment, resulting transition to next state xt+1 and the
PPO based scheduler receives reward rt(Line 8-9). The critic network is utilized to compute
the value of the state V (xt;ψ) to estimate the advantage At of taking action at on state
xt using Eqn. (3.27) (Line 10). At this point, the PPO-based scheduler obtains a new
experience {xt, at, rt, xt+1, At}, which is stored in the replay buffer B (Line 11). At the end
of E episodes, the replay buffer contains E × T entries, which trains the actor and critic
networks as discussed next (Lines 12 - 18).

A minibatch bm is sampled from the replay buffer B, where |bm| ≤ E × T . Subsequently, the
gradient ∇θ∪ψL(θ ∪ ψ) is computed on minibatch bm using Eqn. (3.31). Next, the gradient
(i) ∇θL(θ ∪ ψ) with respect to actor parameters θ (ii) ∇ψL(θ ∪ ψ) with respect to critic
parameters ψ is utilized for optimizing (gradient descent) θ and ψ, where α is the learning
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Figure 3.10: DQN vs PPO

rate. These gradient updates improves the actor and critic parameters and the PPO based
scheduler performs multiple such updates over η epochs on the replay buffer B. At the end
of η epochs (Line 17), the actor network’s old parameters θold is updated with the new actor
network parameters θ (Line 18), which will be utilized for interacting with the environment
in the next iteration (See line 3). The PPO based scheduler runs for ⌈ T

E×T ⌉ number of such
iterations (Line 3-18) that improves the actor network parameters θ over old parameters θold,
where T denotes the total time duration considered for packet scheduling.

Note that the convergence of neural networks are hard to be analytically investigated and is
strongly dependent on the set of hyper-parameters used [57]. Selection of hyper-parameters
is a challenging task and therefore a reasonable set of hyper-parameters is found by trying
out different values. More details on the hyper-parameters used in our case are presented
in Sec. 3.7. Similar to [19, 53, 106, 127], we limit our investigation into the convergence
to simulations, where the neural network converges under the hyper-parameters used and
the results presented for the DQN and PPO scheduler are the values obtained after their
convergence.

3.6.1 PPO-based scheduler vs DQN-based scheduler

Here, the advantages of the PPO-based scheduler over the DQN-based scheduler proposed
in our preliminary work [37] will be highlighted.
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Smaller Action Size In our preliminary work [37], we showed that DQN suffers from
performance issues in networks with larger action spaces. The number of actions for the
DQN-based scheduler is given by (

∏
i
miCL) × MCK , which means the action size increases

rapidly as the network size increases and DQN doesn’t provide satisfactory performance
when the action size is very large [125]. Due to this, works involving DQN for scheduling in
IoT networks to improve AoI have been limited to smaller networks [19, 53, 54, 106, 127].
This can be seen in Fig. 3.10 where we consider 3 different UAV-relayed IoT networks with
M = 8, 12, and 16 IoT devices. Note that the number of UAV channels is L = mn

2
and BS

channels is M
2
as it causes the maximum number of actions for the DQN-based scheduler.

As shown in Fig. 3.10, the DQN-based scheduler sees a factorial increase in the action size,
where the action size of PPO-based scheduler increases linearly as 2M with the number of
IoT devicesM . While both DQN and PPO perform relatively well for the first two networks
with M = 8 and 12 devices, the DQN-based approach is not feasible for M = 16 as it’s
action size is of the order 108 (memory required is very large) whereas the PPO’s action
size is 32. This shows several folds improvement of PPO-based scheduler over DQN-based
scheduler in reducing the action size, and thus, much better scalability of the PPO-based
scheduler compared to the DQN-based scheduler.

Scheduler’s Generalization ability In certain situations, the training and the deploy-
ment network conditions could be different. E.g., devices might change the periodicities or
the channel qualities can change. Under such situations, it is desirable if a trained scheduler
is able to adapt to the new environment faster than training a new scheduler from scratch.
Because PPO is an on-policy algorithm, it is able to adapt. Whereas DQN is an off-policy
algorithm which will always need a new scheduler to be trained every-time there is a change
in the network conditions.

Consider a UAV-relayed IoT network E1 with the parameters given in Table.3.3. Let us take
two different networks, E2 and E3 both of which are similar to E1 with the only difference
mentioned in the following-

• In network E2, the channel conditions for 10% IoT devices and UAVs have changed
with respect to E1,

• In network E3 the periodicity for 10% of IoT devices have changed with respect to E1.
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Figure 3.11: Network E2 : Adapting to changing channel conditions

Figure 3.12: Network E3 : Adapting to changing periodicity
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In both E2 and E3, a PPO-based scheduler will be trained from scratch to get the baseline
performance and this will be termed as uninitialized. To showcase the ability of the PPO-
based scheduler to generalize to a changed network environment, a PPO-based scheduler
trained in E1 will be deployed in E2 and E3 using 2 different approaches –

(i) explore meaning that scheduler trained for E1 will be reused except for the actor head
which will be re-trained,

(ii) adapt meaning that scheduler trained for E1 will be entirely reused including the actor
head.

Note that, the actor head is comprised of the output layer of the actor network as shown in
Fig. 3.9.

Fig. 3.11 shows the results for network E2. Both explore and adapt schedulers converge earlier
than the uninitialized, with the adapt scheduler converging exceptionally fast. Therefore
additional exploration to retrain the actor head doesn’t lead to any benefit. However Fig. 3.12
shows the results for network E3 where the adapt scheduler is unable to perform well and
doesn’t even outperform MAF-MAD scheduler. Therefore re-training the actor head becomes
important. The performance of the uninitialized and adapt schedulers are similar, signifying
that the PPO-based scheduler generalizes well for changed channel conditions as compared
to changed device periodicity.

3.7 Results

This section discusses the performance evaluation of the proposed PPO-based scheduler
against the baseline schedulers in terms of minimizing AoI at the TBS. The IoT devices and
UAVs are placed randomly [79] in a simulation area of l = b = 1000 m and the observation
interval T = 20 slots. Unless otherwise stated, we consider a general network setting with 30

IoT devices which are uniformly distributed among the 3 UAVs. The default parameters for
the simulation study are listed in Table 3.3. As discussed in previous section, because of the
large memory requirements, it is not feasible for DQN-based scheduler to deal with general
simulation setting (with > 12 IoT devices), we do not showcase the results for DQN-based
scheduler.

The PPO-based scheduler (and DQN-based scheduler results presented in the previous sec-
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tion 3.6.1) are implemented on an NVIDIA DGX station with an Intel Xeon E5-2698 v4
CPU and an NVIDIA Tesla V100 GPU (32 GB memory). Data communication between
CPU and GPU takes place through a PCIe 3.0 X16 slot. The hyper-parameters for DQN
are kept the same as in [37], while the hyper-parameters for the PPO implementation are
shown in Table 3.4 respectively.

Table 3.3: Default network parameters

Number of IoT devices, M 30

Number of UAVs, N 3

IoT devices per UAV, mn (10, 10, 10)

Channels at each UAV, L 4

Channels at the TBS, K 10

Table 3.4: PPO Hyper-parameters

Neurons in hidden layer 1 H1 256

Neurons in hidden layer 2 H1 256

Relay memory size |B| 2048

Minibatch size |bm| 512

Learning rate α 2.5× 10−4

Discount factor γ 0.99

Activation function ReLU
Clip range ϵ 0.2

Optimizer Adam
Epochs η 10

Total episodes E 5× 105

3.7.1 AoI Stacking

As shown in in Eqn. (3.32), the state space consists of the AoI of the devices stacked for
previous z slots. A higher stack size provides more historical information at the expense of
larger memory requirements. Here, Fig. 3.13 shows the AoI at the TBS achieved for different
stack sizes. The convergence is initially faster with z = 16, but it takes more time to reach
the optimal value. Whereas z = 1 converges very slowly. As, with higher stack size and
increased information in the state, the parameters of the PPO-based scheduler increases as
well. Hence it takes less time to reach a considerable performance but struggles to fine tune
itself against the environment. z = 4 provides a good trade-off between the convergence
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Figure 3.13: Effect of different stack sizes (z)

speed and the optimal performance. Thus the remaining experiments will utilize z = 4

slots4 for the state space.

3.7.2 Ideal vs general environment

Ideal environments are characterized by lossless channels and generate-at-will traffic gener-
ation policy at the devices. The results shown in Fig. 3.14 confirm the analytical results
derived in Theorem 3.1 that MAF-MAD is the optimal scheduling policy and outperforms
all other scheduling policies under such ideal environments. As PPO is also able to learn
the the optimal scheduling, it’s performance also converges to MAF-MAD’s performance.
Overall, the PPO and MAF-MAD outperforms MAF, RR, random by 22.3%, 42.1%, 38.3%
respectively. However when a general environment is considered where the ideal assumptions
do not hold, MAF-MAD is no longer the optimal scheduler and PPO does better. It outper-
forms MAF-MAD, MAF, RR, random by 10.6%, 25.1%, 30.9%, 37.9% respectively. While
the results could be shown for any channel condition and periodicities, they are pre-assigned
for ease of reproducibility [37, 71, 106].

Note that the range of the AoI achieved by the PPO-based scheduler is much less than the
other schedulers. The PPO-based scheduler considers the channel conditions while allocating
resources. Therefore the devices with bad channels are scheduled more frequently so that
their AoI do not suffer, at the expense of a higher AoI of the devices with better channels.

4Note that in our preliminary work [37], we used a stack size of z = 1 for the DQN-based scheduler.
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Figure 3.14: Ideal vs general environment

Figure 3.15: AoI for varying number of IoT devices

However for the other schedulers, the devices with good channels see a very low AoI and and
devices with bad channels will have high AoI, resulting in a higher range. This is because
unlike our PPO-based scheduler, the counterpart schedulers do not have the ability to learn
the various channel conditions/fluctuations.

For the rest of the experiments below, general conditions with lossy channels and periodic
packet generation at the IoT devices will be considered.
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Figure 3.16: AoI for varying number of UAVs

3.7.3 Effectiveness of PPO-based scheduler

In this section, we analyze the effectiveness of the PPO-based scheduler in minimizing the
AoI at the TBS with changing network parameters such as the number of IoT devices, UAVs,
UAV channels and TBS channels.

Varying number of IoT devices (M) As shown in Fig. 3.15, the PPO-based scheduler
outperforms the baselines in all considered scenarios by a significant improvement of AoI
at the TBS. However, an upward trend in the AoI can be observed as we increase the
number of IoT devices in the network. The primary reason is the constant sampling and
updating capacity of the network. Therefore, the increase of IoT devices results in less
frequent sampling and updating of packets from a particular IoT device. Thus, we observe
an increased average AoI at the TBS for all schedulers.

Varying number of UAVs (N) The PPO-based scheduler shows superiority in minimiz-
ing AoI at TBS with changing the number of UAVs in the network, see Fig. 3.16. As shown
in the figure, the AoI at UAV is improved with more UAVs, which directly improves the AoI
at the TBS as per Eqn (3.5). However, after a point, all schedulers show equivalent AoI at
the UAV as most IoT devices can be sampled at once, and there is little scope of improvement
due to scheduling. Despite similar AoI at the UAV, the PPO-based scheduler outperforms
the baselines and improves the AoI further as it employs better scheduling decisions at the
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Figure 3.17: AoI for varying UAV Channels (L)

TBS.

Varying number of UAV channels (L) The increasing number of UAV channels has a
similar effect to increasing the number of UAVs, as in both ways, the sampling capacity of
the network is improved. Hence, the AoI at the UAV improves up to a point when most of
the IoT devices can be sampled at once and then becomes equivalent for all schedulers, see
Fig. 3.17. Nevertheless, the PPO-based scheduler outperforms the baselines in minimizing
the AoI at the TBS in all considered scenarios. Note that the PPO-based scheduler achieves
a 61.8% improvement in AoI at the UAV with increased UAV channels from 3 to 8. However,
all this gain is not transferable to the TBS, and it only sees a 23.7% improvement in the AoI
due to the bottleneck at UAV to TBS communication.

Varying number of TBS channels (K) On the contrary, increasing the number of TBS
channels does not change the sampling capacity of the network. Thus, the AoI at the UAV
remains unchanged for a particular scheduler with the increase of 10 to 20 in TBS channels,
see Fig. 3.18. Instead, the network’s updating capacity is improved, allowing more packets
to be transferred from the UAVs to the TBS. Therefore, the TBS sees a 31.0% improvement
in AoI for PPO-based scheduling and outperforms the baselines. Thus, the channels between
the UAVs and the TBS (K) are more critical bottlenecks than the channels between IoT
devices and the UAVs (L) in minimizing AoI at the TBS.



3.8. CONCLUSION 85

Figure 3.18: AoI for varying TBS Channels (K)

3.8 Conclusion

We propose an MAF-MAD scheduler and prove its optimality in improving AoI in a UAV-
relayed IoT network with two hops, where the UAVs act as static ABS that relay packets
between the IoT devices and the TBS under no packet loss in any of the channels and
generate-at-will traffic generation model at the IoT devices. However when packet loss in
the channels and periodicity in packet generation by the IoT devices are considered, MAF-
MAD scheduler is no longer optimal. Therefore we propose a PPO-based scheduler which
performs better than the MAF-MAD scheduler under such realistic general conditions. We
also show that the channels between the UAVs and the TBS play a much important role in
improving AoI at the TBS compared to channels between the IoT devices and UAV, which
points to the importance of backhaul links compared to access links for AoI minimization. In
our future work, we will consider mobility and optimal UAV placement under UAV-relayed
IoT networks with the objective of improving information freshness at the TBS.



Chapter 4

Design and Analysis of Age-Optimal
5G Schedulers in Smart Grids and
General Distributed Networks

4.1 Introduction

5G is the most recent wireless communication standard that improves rates and reliability
over older generations such as 4G/LTE. Prominent applications of 5G communications in-
clude remote mining, vehicular communications, healthcare, and the military [8]. All these
applications rely on the extremely high data rates and reliability supported by 5G. In general,
5G applications are categorized into three main types based on their performance require-
ments: (i) enhanced mobile broadband (eMBB): eMBB involves providing 5G connectivity
to traditional cellphones which are expected to be its most commonly used application, (ii)
ultra-reliable low latency communications (URLLC): URLLC is designed for critical appli-
cations where readability is extremely important, e.g., driving or robotic surgery, and (iii)
massive machine-type communications (mMTC): mMTC is designed for massive internet of
things (IoT) devices where battery performance is more important than data rates. The
different characteristics of these applications are described in Fig. 4.1 [14].

5G also has applications in the control of the modern power system, often referred to as the
smart grid. Smart grid leverages communication techniques to collect and distribute infor-
mation about the system measurements to various grid components and the control center.
For example, real-time feedback on electricity consumption can be used to dynamically ad-
just energy generation with the objective of improving energy efficiency [46]. Traditionally,
communication in a power grid is designed using optical fibers which can be expensive as the
grid becomes larger due to the large-scale connectivity needed between all the components

86
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Figure 4.1: 5G application types

involved [11]. Therefore, there is a timely opportunity for a use case for providing connec-
tivity to power grid components through 5G. Third-generation partnership project (3GPP),
which is the standards organization in charge of developing protocols for mobile telecommu-
nications, recently formed a study group to standardize the end-to-end architecture of 5G
networks specifically built for aiding smart grid operations and is expected to be formalized
by Release 18[1].

There has been a recent focus on investigating the benefits that connectivity can bring to
smart grids. The authors in [47] compare the response of a fault management system 4G-LTE
and 5G systems. The results indicate that the machine-to-machine connectivity abilities of
5G provide significant performance improvement compared with 4G. Reference [103] reviews
several applications that 5G can enable in smart grids and analyzes the associated challenges.
In [120], a network servicing both eMBB and URLLC applications are considered, and its
ability in handling line protection through URLLC is analyzed. The results show that
provided the network coverage is above a certain threshold, differential line protection can
be supported by the network. However, these research studies consider only a black-box
view of the 5G network without considering the implications of its various subsystems on
the overall performance. This chapter tries to address this gap by assessing the smart grid’s
performance under a 5G RAN. The contributions of the first part of this work are:

• A 5G radio access network (RAN) simulator is implemented in Python and is inter-
faced with general-purpose power systems simulators such as PSCAD and MATLAB
to create a co-simulation environment. Inside this co-simulation, the power grid com-
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ponents communicate with each other through 5G links under the control of a 5G base
station, or gNodeB. This allows us to simulate the effect of RAN resource allocation
on the smart grid. The RAN simulator is robust in terms of both interfacing with the
different software environments and the number of devices that communicate within
the power system.

• The ability of 5G to support smart grid applications, namely the power park and
coordinated set point modulation, is investigated using this co-simulation environment.

• The performance of the smart grid under a 5G network is compared with an ideal
scenario where the power grid components can communicate instantaneously which
provides insight into the stability of the smart grid under 5G.

The rest of the chapter is organized as follows: Section 4.2 describes the overall design of
the co-simulator and the interactions between the power and communication systems. Sec-
tion 4.3 to Section. 4.5 investigate the performance of two smart grid applications under
5G. The distributed control in smart grid and the impact of reduced AoI in it is analyzed
in Sections 4.6-4.9. Then the differences in general case of distributed AoI minimization
as compared to the other applications considered in this dissertation is explained in Sec-
tion. 4.10. Finally, the performance of different schedulers under this distributed setting is
presented in Section.4.11.

4.2 Co-simulator Design

The objective of developing the co-simulation environment is to investigate the performance
of a smart grid in the presence of a 5G RAN. The power system applications are implemented
in PSCAD and MATLAB, and the communication environment that includes the RAN
scheduler, channels and the gNodeB is implemented through a Python script. The Python
script models the 5G communication between the smart grid distributed energy resources
(DER). Consider the scenario shown in Fig. 4.2. The DERs generate packets containing
their state information, i.e., their local measurements, which need to be transmitted to the
other DERs depending on the application. This transmission can be done when the DERs
are allocated resources by the gNodeB, where these resources are the means to support the
communication links. In 5G, these resources are termed resource blocks (RB) and RBs are
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allocated based on the number of packets a DER wants to transmit, which is known as that
DER’s buffer status report (BSR). The operation of the co-simulation is explained below:

• Each DER transmit its BSR status to the Python-based gNodeB at an interval of τ .
This allows gNodeB to get the buffer status, i.e., packets pending to be sent from each
DER and this information is used in scheduling.

• Based on BSR, gNodeB allocates RBs to DERs using a pre-defined resource allocation
policy π at each transmission time interval (TTI). Based on the allocated RBs, DERs
in MATLAB and PSCAD are allowed to transmit their information, i.e., pass their
values to the Python simulator. This information exchange between PSCAD and
Python script is done through writing the values to a text file [89].

• At each TTI, time is synchronized between the communication and power systems by
allowing both of them to simultaneously step through the same duration of time.

The general design of the co-simulator is shown in Fig. 4.3. More details are discussed in
Section 4.3.

gNodeB

DER 1

DER 3

DER 4

DER 2

BSR status
RB allocation

Core 
Network

Core network is not 
considered as RAN-
core connectivity is 

fixed

Figure 4.2: Schematic diagram of a 5G Radio Access Network

4.3 Communication System Design

For the RB allocation, a round-robin policy π is used in our case where equal number of RBs
are granted to each DER in a circular fashion, i.e., RBs are allocated to each DER in the
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Figure 4.3: Design of the proposed co-simulator.

same sequence. Due to the changing channel conditions, each DER transmits channel state
information reference signal (CSI-RS) to gNodeB which is an indicator of channel quality.
This indicator is called channel quality index (CQI) and provides information about the
modulation order that can be used, where modulation order is the number of symbols that
can be transmitted. Higher CQI allows the use of higher modulation order that translates to
higher throughput. The channel is modeled as a random time-varying channel which results
in varying modulation orders over the allocated RBs. The total number of RBs are M and
based on the RB allocation, the throughput achieved in Mbps in each of the communication
link is calculated as per 3GPP TS 38.306 [3] and shown in Eqn. (4.1).

Throughput = 10−6

J∑
j=1

(v
(j)
LayersQ

(j)
m f (j)Rmax

12N
BW (j),µ
PRB

T µs
(1−OHj)) (4.1)

J denotes the number of carriers aggregated when carrier aggregation is applicable. 5G
allows a maximum of 16 carriers to be aggregated. vjLayers denotes the maximum number
of layers in the jth component carriers (CC), and is usually the number of streams. CC
is restricted by the number of antennas used. Q(j)

m refers to the modulation order which is
dependent on the channel quality as decided by the CQI. f (j) is the scaling factor used to
scale throughput for various CC combinations. Rmax is the maximum allowed coding rate
and is set at 948

1024
as per [13]. N

BW (j),µ
PRB is the number of RBs allocated to a single DER

during the scheduling. µ defines the 5G numerology selected, and this numerology decides
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the symbol time, T µs , calculated as T µs = 10−3

14.2µ
. Finally, the overhead OH(j) for carrier j is

decided by the frequency band used (FR1 or FR2). The communication between the gNodeB
and DERs occur in the the FR1 band [41] (410 MHz to 7.125 GHz) and the allocated channel
has a bandwidth of B. The throughput achieved as per Eqn. (4.1) decides the time instants
when the packets are received. Table 4.1 all the key communication parameters used.

Note that the BSR and CQI reports are assumed to be sent out of band, i.e, without the
need of resources for transmission and are also assumed to be received without any errors at
the gNodeB [12]. Therefore the gNodeB is always aware of the BSR and CQI at each TTI.
The 5G RAN is usually connected to a core network (CN). The CN is a fiber cable-based
network due to which its delay and reliability are fixed and do not vary [120]. Therefore,
the CN is not implemented and the focus in on the RB allocation at the RAN so that the
network performance is investigated from the perspective of RB allocation.

Table 4.1: Parameters used to set up the simulation

Parameter Value
Aggregated carriers J 2
Modulation order Q(j)

m 2, 4, 6, 8
Maximum layers for jth carrier v(j)Layers 2
Scaling factor f (j) 0.8
Numerology µ 2
Number of RBs M 3
RBs allocated per DER N

BW(j)
PRB 1

Scheduling policy π Round robin
BSR periodicity τ 1 ms
Transmission time interval TTI 1 ms
Carrier frequency fD 2.63 GHz
Bandwidth B 5 MHz
Packet size L 150 Bytes [7]
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Figure 4.4: Power park system model.

4.4 Use Case I: Power Park

4.4.1 System Description

This case involves distributed control of N inverters connected to a common bus [96], as
shown in Fig. 4.4. The idea of frequency partitioning is employed to distribute the control
tasks among the central controller (remote) and each inverter’s distributed controller, because
it is helpful in minimizing the communication bandwidth required between the remote and
the local controllers. The partition works by allowing the low frequency part of the control
signals to be provided by the central controller and the local controllers provide the high
frequency part. The central controller’s reference signal is represented as y⋆. As the system
desired disturbance rejection at high frequencies, the reference signals for the local controller
is set at zero. The test system is designed with three inverters and each of them has an inner
current control loop embedded within an outer voltage control loop. At each inverter, the 5G
network is used to transmit the control signals between the central and remote controllers.
Reference [96] explain this system in more detail.
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Figure 4.5: Frequency partitioning for inverter control.

4.4.2 Performance Evaluation

Set point change in voltage at the generator bus

The results will evaluate the common generator bus’s voltage regulation in the dq-frame of
reference. Voq is set to zero and a step change is applied in Vod from 0.2 to 0.3 at t = 0.07 s.
The system response is shown in Fig. 4.6. Vod-ideal denotes the system simulation response
under ideal conditions (5G channel is not used). Vod-5G denotes the system response with 5G
communication channel. Table 4.3 shows the overshoot and settling time of the responses.
The settling times for both the cases are around 0.01 s. In the case of 5G, the overshoot
changes from 1% to 10.3%.
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Figure 4.6: Comparison of the system response (d-component of the voltage at the generator
bus) to a step change in set-point with and without the 5G network.
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Table 4.2: Overshoot and Settling time for set point change in voltage at the generator bus
(Power park case)

Case Overshoot (%) Settling Time (ms)

Ideal 1 11.1
5G 10.3 14.19
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Figure 4.7: Load switching of a three phase balanced RL load. Output voltage in dq frame
(d-axis component).

Load switching

Here the performance will be analyzed for a load switching application. A three-phase
balanced RL load is switched on and is connected to the system at t = 0.08 s, and the
resulting transient response is shown in Fig. 4.7. The results show very similar transient
performance for both cases. The transient behavior lasts for 5 ms in both the cases and the
system does not lose its stability in either of them. When 5G is used,the drop in voltage is
around 0.01 V more.

Single-phase to ground fault at the generator bus

A single-phase A-G fault is simulated at t = 0.08 s for 0.03 s at the generator bus and the
results are in Fig. 4.8. It should be seen that the application doesn’t lose its stability under
5G and is able to continue to track the reference value after the fault is cleared. The transient
responses with 5G and ideal communication last for 0.065 s and 0.028 s respectively, after
the fault is cleared.
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Figure 4.8: Single-phase fault to ground (a) d-component of the output current of one of
the inverters in dq-frame. (b) d-component of the output voltage at the generator bus in
dq-frame.
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Three-phase to ground fault at the generator bus

A three-phase ABC-G fault is simulated at t = 0.08 s for 0.03 s at the generator bus.
Fig. 4.9 shows the results. The system with 5G network does not lose its stability. It is
able to continue tracking the reference value of the direct axis voltage at the generator bus
after the three-phase to ground fault is cleared. The transient responses with 5G and ideal
communication last for 0.13 s and 0.1 s respectively, after the fault is cleared.
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Figure 4.9: Three-phase fault to the ground (a) d-component of the output current of one
of the inverters in dq-frame. (b) d-component of the output voltage at the generator bus in
dq-frame.
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4.5 Use Case II: Coordinated Set Point Modulation of
DERs

4.5.1 System Description

In setpoint modulation, the system set-point xsp is modulated depending on the system
response x(t) [83]. For a single DER, this is given as

x′sp = xsp +me(t), (4.2)

where x′sp is the modulated set point, m is the design parameter, and e(t) is the tracking
error measured as the deviation of of the system response from the set point.

e(t) = xsp − x(t). (4.3)

For better dynamic response, the tracking error e(t) is replaced by the the predictive dynamic
behaviour of the tracking error. That is,

x′sp = xsp +mêpred(t). (4.4)

Another level of control can be added with the help of communication between different DERs
and this is known as coordinated set point modulation [110]. Consider N devices connected
at the point of common coupling (PCC) that are capable of exchanging information over
a communication channel. The devices that are connected through a communication link
exchange information about their respective predictive tracking errors. The existing equation
for a single DER can be modified to represent the system response for the ith DER as

x′isp = xisp +miêipred(t) (4.5)

The secondary level of control u(t) can then be defined as:

u(t) = mi

N∑
j=1,j ̸=i

aij êjpred(t) (4.6)

where aij denotes if there is a communication link between DER i and DER j. Hence the
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control equation can be represented by

x′isp = xisp +miêipred(t) +mi

N∑
j=1,j ̸=i

aij êjpred(t) (4.7)

4.5.2 Performance Evaluation

Fig. 4.10 shows the three devices (DERs) that interact with each other using coordinated
set-point modulation.

DER 1

DER 2

DER 3

PCC

Communication 
links

Figure 4.10: System model of coordinated set point modulation of DERs.

Staggered set point change

A staggered set point change is applied to the individual devices. They are as follows - step
change in reference point from 0 to 1 at t = 0.5 s for DER 1, at t = 1 s for DER 2 and at
t = 1.5 s for DER 3. These set points can represent any electrical quantity that needs control
(voltage, real power or reactive power). Fig. 4.11 shows the combined system response at
the PCC, under an ideal communication network and a 5G network respectively. Table 4.3
shows the overshoot and the settling time of the system response under the two conditions.
While the settling time degrades by 172 ms and the overshoot almost doubles as compared
to the ideal communication, the DERs are still able to track the set point changes with 5G.

Simultaneous set point change

A simultaneous set point change is applied to all the devices such that the step change in
reference point happens from 0 to 1 at t = 0.5 s. This is then brought back to 0 for all the
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devices at t = 2 s. The overall response at the PCC, under ideal simulation conditions and
in the presence of a 5G network, is shown in Fig. 4.12 and Table 4.3 provides the overshoot
and the settling time. Even though the settling time increases by 84 ms and the overshoot is
higher by 11.4% under the 5G network, the set points are tracked successfully without loss
in stability.

Communication failure in one of the devices

Such a scenario is seen when one of the devices is incapable of communicating its state to the
other two devices. The response is shown in Fig. 4.13. Compared to ideal communication,
although there is an increase in overshoot and settling time, the system is able to track
the set points owing to the control algorithm used. This can be seen from the first two
terms in Eqn. (4.7). Hence the results obtained in this study confirms that 5G can support
the stability of smart grid operations for Power Park and Set Point Modulation, where the
stability is measured as overshoot and settling time. This offers an attractive alternative to
provide communication in smart grids as the traditional manner of providing connectivity
in smart grid using fiber optic cables is expensive and doesn’t scale well.
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Figure 4.11: Comparison of system response for coordinated set point modulation (staggered
set point change) with and without 5G network.
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Figure 4.12: Comparison of system response for coordinated set point modulation (simulta-
neous set point change) with and without the 5G network.
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Figure 4.13: Comparison of system response for coordinated set point modulation (staggered
set point change) under ideal communication conditions and when communication for device
2 fails.
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Table 4.3: System Performance for set-point changes (Coordinated set-point modulation
case).

Setpoint
change
method

Case Overshoot (%) Settling Time (ms)

Staggered Ideal 34 78
5G 73.1 250

Simultaneous Ideal 7.2 153
5G 18.6 237

To conclude, the effects of delays induced by 5G scheduling on the performance of smart
grids have been investigated. Results from the two cases considered show that the grid is able
to track the set point changes and handle transients in the presence of a 5G communication
network. There is a slight degradation in the system performance as compared to ideal
simulation values without the presence of a 5G network, but the system still maintains
stability. Once the capability of 5G in supporting smart grid operations is verified, we then
focus on identifying how to further improve the smart grid performance by improving the
network performance in terms of improved AoI.

4.6 Distributed Control Methodology

The distributed control among the smart grid and the impact of communication on it will
be evaluated based on the coordinated set point modulation technique explained in Sec. 4.5,
and more details about this concept can be found in [110].

4.7 Communication Network Description

Communication among the DERs is enabled by a 5G network which provides wireless cov-
erage to the micorgrid. The communication links between the DERs are represented in an
adjacency matrix A, where aij = 1 means DER i sends packets containing its local measure-
ments to DER j, and aij = 0 means that DERs i and j do not communicate. The packet
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generated at DER i has to be first uploaded to the gNodeB. Then, in the downloading step,
this packet is transferred from the BS to DER j. An example of an adjacency matrix is
shown in Table 4.4, and the corresponding network is shown in Fig. 4.14. The set of DERs
that generate packets to be uploaded to the BS are the source DERs and denoted as G. The
DERs receiving these packets are the destination DERs and denoted as R. Note that the
same DER may be in both R and G which means it is both a source and a destination.

4.7.1 5G Communication Network Model

Frequency division duplex (FDD) configuration is used which means both the downlink
and uplink transmission happens independently at the same time over different frequencies.
Under FDD, the allocated frequency is split into two parts. One part is used for the uplink
communications and the other part is used for the downlink communications. The BS is
in charge of scheduling to decide which DERs are allowed to upload and download packets.
The uplinks are used to support the uploading of the packets generated at the G DERs to
the BS. Then the downlinks are used in downloading these packets from the BS to the R
DERs.

In 5G, time domain is equally slotted into transmission time intervals (TTI). Similarly in the
frequency domain, bandwidth, i.e., range of radio wave frequencies allocated, is equally parti-
tioned into orthogonal subcarriers. These subcarriers together carry the packets. Scheduling
for transmission is performed for each TTI. A group of 12 subcarriers over a TTI is called
a resource block (RB). The BS maintains two RB pools corresponding to the uplinks and
downlinks [2], and at each TTI, these RBs have to be allocated to the DERs:

• Bu RBs for uploading packets from DERs in G to the BS. The maximum number of
uplinks possible is |G|, where || denotes cardinality. Therefore, the scheduler needs to
assign Bu RBs among the |G| possible uplinks.

• Bd RBs for downloading packets from the BS to the DERs in R. However, a particular
DER i ∈ R may be receiving packets from ī other DERs where ī ≥ 1. For example, a
DER may need voltage measurements from 2 different DERs as input. Therefore the
set of all downlink paths from the BS is given by R̄ where |R̄| =

∑R
i=1 ī and |R̄| ≥ |R|.

Therefore the scheduler needs to assign Bd RBs to the |R̄| possible downlinks.
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Table 4.4: Example adjacency matrix representing communication links between DERs
DER 1 DER 2 DER 3

DER 1 0 1 0
DER 2 1 0 0
DER 3 1 1 0

Figure 4.14: Network resulting from adjacency matrix in Table 4.4.

In the example shown in Table 4.4, N = 3, G = 3, R = 2, R̄ = 4, and the resulting scenario
is shown in Fig. 4.14. All the three DERs upload their packets to the BS, after which packets
from DER 1 are downloaded by DER 2, packets from DER 2 are downloaded by DER 1,
and packets from DER 3 are downloaded by both DERs 1 and 2.

4.7.2 Channel Conditions

The channel is modeled as a time varying Rayleigh fading channel with path loss exponent
γ. The quality of a wireless channel is measured using channel state information (CSI).
Employing the minimum mean square channel estimation error technique [56], the perfect
channel state information (CSI) between the sender and the receiver is calculated as

hiτ ,f = ĥiτ ,f + eiτ ,f (4.8)

where i denotes the DER that is allocated the RB (τ, f), i.e., RB corresponding to TTI τ
and frequency f . ĥiτ ,f ∼ CN (0, 1− σ2

e) and eiτ ,f ∼ CN (0, σ2
e) are the estimated CSI and error

in estimating CSI [65] where CN represent a complex normal distribution. Assuming perfect
knowledge of the CSI, the actual signal-to-noise ratio (SNR) is calculated as
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SNRi
τ ,f =

|hiτ ,f|2piτ ,fd
−γ

σ2
o

, (4.9)

where piτ ,f is the transmission power, d is the distance, and σo is the noise power. A trans-
mission is successful if

SNRi
τ ,f ≥ SNRth, (4.10)

where SNRth is the minimum SNR constraint per RB [65, 66]. SNRth depends on the
service type, and modulation and coding scheme (MCS). smart gridss are served under ultra
reliable low latency communications (URLLC) category. For URLLC service and assuming
modulation and coding scheme (MCS) = 4, SNRth is fixed at 7 dB as this guarantees block
error probability of 10−5 [65, 66]. SNRu

t,f < SNRth causes a transmission failure. In such
cases, the same packet is retransmitted immediately in the next TTI [93].

4.7.3 Traffic Model

Traffic generation at the DERs is modeled as generate-at-will [19], where the DERs generate
a fresh packet whenever they are selected by the scheduler to upload their packets to the
BS. This is practically justified because we consider the 5G network under numerology
µ = 0. This numerology decides the waveform configuration, and different numerologies
lead to different parameters like subcarrier spacing/symbol time and cyclic prefix. Using
numerology µ = 0 leads to TTI = 1 ms, whereas the DERs generate new packets at a much
faster rate (order of microseconds). Therefore, the transmitted packet is always the most
recently generated packet and this corresponds to the generate-at-will packet generation
model.

4.7.4 Resource Block Allocation Process

The RB allocation process is motivated from [93]. A packet generated by DER i needs Bi

RBs to be successfully transmitted. So, it takes Bi RBs from Bu to fully upload DER i’s
packet to the BS, and another Bi RBs from Bd to fully download DER i’s packet to DER j.
Therefore, some transmissions take more than 1 TTI if the previous transmissions did not
complete as a result of insufficient number of RBs being allocated. At TTI τ , the number of



4.7. COMMUNICATION NETWORK DESCRIPTION 105

RBs needed to complete uploading DER i’s current packet is denoted by Bneed
i (τ), and the

scheduler allocates Balloc
i (τ) RBs, where Bneed

i (τ) ≥ Balloc
i (τ). In case the packet is new, and

the scheduler decides to transmit the whole packet in a single TTI, Balloc
i (τ) = Bneed

i (τ) = Bi.
Similarly in the downloading scenario, the number of RBs needed to finish downloading DER
i’s current packet to DER j in TTI τ is Bneed

i,j (τ), while the RBs allocated is Balloc
i,j (τ).

Note that when Bneed
i (τ) > Balloc

i (τ) or Bneed
i,j (τ) > Balloc

i,j (τ), the transmission is incomplete.
The number of RBs needed in the next TTI is Bneed

i (τ + 1) = Bneed
i (τ) − Balloc

i (τ) and
Bneed
i,j (τ + 1) = Bneed

i,j (τ) − Balloc
i,j (τ) for the uplink and downlink. The packet is not fully

uploaded until Bneed
i (τ) = 0 and not fully downloaded until Bneed

i,j (τ) = 0, after which the
next packet is considered for uploading/downloading. The RB allocation process explained
above is constrained by the total number of available RBs in Bu and Bd.

4.7.5 Age of Information (AoI)

AoI is a new metric that is increasingly used to quantify the freshness of information at
the receiver, which is measured as the time elapsed since the receiver received a packet.
Mathematically, it is equal to the delay experienced by the packet at instants of packet
reception and increases linearly during the inter-arrival time. At TTI τ , the AoI for DER i

at the BS is denoted by AoIi(τ), and AoI of DER i at DER j is denoted as AoIi,j(τ), where
i ∈ G and j ∈ R. The general expression for AoIi is

AoIi(τ) = τ − gu,i, (4.11)

where τ is the ongoing TTI, and gu,i is the generation time of the most recently uploaded
packet of DER i that is received successfully at the BS. Similarly, AoIi,j(τ) is calculated as

AoIi,j(τ) = τ − gd,i, (4.12)

where τ is the ongoing TTI, and gd,i is the generation time of the most recently downloaded
packet of DER i that is received successfully at DER j. For DERs that do not communicate,
i.e., ai,j = 0 as per the adjacency matrix, AoIi,j(τ) = 0. The time average AoI of the source
DERs G at the BS is
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AoIBS(T ) =
T∑
τ=1

G∑
i=1

AoIBSi (τ). (4.13)

The freshness of information is measured as the sum AoI of all the source DERs at the
destination DERs:

AoI(T ) =
T∑
τ=1

i=G,j=R∑
i=1,j=1

AoIi,j(τ) =
T∑
τ=1

R̄∑
r=1

AoIk(τ). (4.14)

To improve the information freshness at the destination DERs, AoI(T ) is minimized with
the constraint of the number of available RBs:

min AoI(T )
such that

∑
i∈GB

alloc
i (τ) ≤ Bu, τ = 1, 2, . . . , T∑

i∈G,j∈RB
alloc
i,j (τ) ≤ Bd, τ = 1, 2, . . . , T

(4.15)

where the constraints restrict the number of RB allocations to the total RBs available. At
each TTI τ , the scheduler has to choose the following:

• Number of RBs allocated to each DER in the UL. This is represented as Balloc
U (τ) =

∪ Balloc
i (τ) ∀i ∈ G.

• Number of RBs allocated to each DER in the DL. This is represented as Balloc
D (τ) =

∪ Balloc
i,j (τ) ∀i ∈ G and j ∈ R.

4.8 Studied Schedulers

In this section, different schedulers will be evaluated based on their performance in terms of
AoI minimization and stability of the smart grid. The schedulers are categorized into two
broad classes of AoI-based schedulers and non-AoI-based schedulers.
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4.8.1 AoI-Based Schedulers

Maximal Age Difference (MAD) Scheduler

The MAD scheduler prioritizes DERs with highest AoI at the BS for uploading, and the
highest AoI difference between the BS and destination for downloading. It is explained in
Algorithm 6. The algorithm takes the current AoI at the BS and destinations for all the
DERs as inputs. During uploading (line 3), the DERs are ordered in decreasing order of
their AoI at the BS. Based on the ordering, RBs from the Bu pool are allocated in lines 4–7.
Then in the downlink, lines 8–12 orders the DERs with the highest AoI difference. They are
then allocated RBs from the Bd pool. The AoI difference used in the downloading is given
as

AoIdiff
i,j (τ) = AoIi,j(τ)− AoIBS

i (τ). (4.16)

Algorithm 6 MAD scheduling at TTI τ
Input: AoIi(τ) and AoIi,j(τ) ∀ i ∈ G and j ∈ R,Bu, Bd, Bneed

i (τ) ∀ i ∈ G, Bneed
i,j (τ) ∀ i ∈ G and

j ∈ R.
Output: Balloc

U (τ), Balloc
D (τ).

1: Bavail
u (τ) = Bu, B

avail
d (τ) = Bd

2: for l = 1, 2, .. do
3: for i ∈ G with lth highest AoIi(τ) do
4: if Bavail

u (τ) > 0 then
5: Balloc

i (τ) = min(Bavail
u (τ), Bneed

i (τ))
6: Bavail

u (τ) = Bavail
u (τ)−Balloc

i (τ)
7: Balloc

U (τ) = Balloc
U (τ) ∪Balloc

i (τ)

8: for (i, j) i ∈ G, j ∈ R with lth highest AoIdiff
i,j (τ) do

9: if Bavail
d (τ) > 0 then

10: Balloc
i,j (τ) = min(Bavail

u (τ), Bneed
i (τ))

11: Bavail
d (τ) = Bavail

d (τ)−Balloc
i,j (τ)

12: Balloc
D (τ) = Balloc

D (τ) ∪Balloc
i,j (τ)

Maximum Age First (MAF) Scheduler

Here, the input to the algorithm is the current AoI at the BS and destinations for all the
DERs. For scheduling, the DERs with the highest AoI at both the BS and the destinations
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are prioritized. See Algorithm 7. As per line 3, the DERs are ordered in decreasing manner
based on their AoI at the BS for the uploading step after which RBs from the Bu pool are
allocated as shown in lines 4–7. Then in the downlink, RBs are allocated from the Bd pool
to the DERs with the highest AoI at the destination as per lines 8–12.

Algorithm 7 MAF scheduling at TTI τ
Input: AoIi(τ) and AoIi,j(τ) ∀ i ∈ G and j ∈ R,Bu, Bd, Bneed

i (τ) ∀ i ∈ G, Bneed
i,j (τ) ∀ i ∈ G and

j ∈ R.
Output: Balloc

U (τ), Balloc
D (τ).

1: Bavail
u (τ) = Bu, B

avail
d (τ) = Bd

2: for l = 1, 2, .. do
3: for i ∈ G with lth highest AoIi(τ) do
4: if Bavail

u (τ) > 0 then
5: Balloc

i (τ) = min(Bavail
u (τ), Bneed

i (τ))
6: Bavail

u (τ) = Bavail
u (τ)−Balloc

i (τ)
7: Balloc

U (τ) = Balloc
U (τ) ∪Balloc

i (τ)

8: for (i, j) i ∈ G, j ∈ R with lth highest AoIi,j(τ) do
9: if Bavail

d (τ) > 0 then
10: Balloc

i,j (τ) = min(Bavail
u (τ), Bneed

i (τ))

11: Bavail
d (τ) = Bavail

d (τ)−Balloc
i,j (τ)

12: Balloc
D (τ) = Balloc

D (τ) ∪Balloc
i,j (τ)

4.8.2 Non-AoI–Based Schedulers

Under non-AoI based schedulers, traditional schedulers which are generally used for 5G are
considered. They are generally defined for a single hop. However, our scenario involves two
hops where the first hop is between the source DERs to the BS, and second hop is between
the BS and destination DERs. Each hop is treated independently, and the scheduler works
independently across both the hops.

Proportional Fairness (PF) Scheduler

As wireless networks are characterized by time-varying channel conditions, the PF algorithm
is designed to take advantage of multi-user diversity, while maintaining comparable long-term
throughput for all users [60]. Let Ri(τ) denote the instantaneous data rate that DER i can
achieve at TTI τ , and Ti(τ) be the average throughput for DER i up to TTI τ in the uplink.
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The PF scheduler selects the DERs with the highest relative channel quality according to
the metric calculated as Ri(τ)/Ti(τ) for uploading. Similarly, RB allocation to the DERs
in the downlink is decided by Ri,j(τ)/Ti,j(τ). Ri,j(τ) denotes the instantaneous data rate
possible in the downlink channel between DER i and DER j in TTI τ , and Ti,j(τ) denotes
the average throughput in that downlink. This is explained in Algorithm 8. Once the RBs
have been allocated, the average throughput is updated as

Ti(τ + 1) =

(1− β)Ti(τ) + βRi(τ), B
alloc
i (τ) = Bneed

i (τ)

(1− β)Ti(τ), Balloc
i (τ) ̸= Bneed

i (τ)
(4.17)

and

Ti,j(τ + 1) =

(1− β)Ti,j(τ) + βRi,j(τ), B
alloc
i,j (τ) = Bneed

i,j (τ)

(1− β)Ti,j(τ), Balloc
i,j (τ) ̸= Bneed

i,j (τ)
(4.18)

Algorithm 8 PF scheduling at TTI τ
Input: Ri(τ), Ti(τ), Ri,j(τ) and Ti,j(τ) ∀ i ∈ G and j ∈ R,Bu, Bd, Bneed

i (τ) ∀ i ∈ G, Bneed
i,j (τ) ∀

i ∈ G and j ∈ R.
Output: Balloc

U (τ), Balloc
D (τ).

1: Bavail
u (τ) = Bu, B

avail
d (τ) = Bd

2: for l = 1, 2, .. do
3: for i ∈ G with lth highest Ri(τ)/Ti(τ) do
4: if Bavail

u (τ) > 0 then
5: Balloc

i (τ) = min(Bavail
u (τ), Bneed

i (τ))
6: Bavail

u (τ) = Bavail
u (τ)−Balloc

i (τ)
7: Balloc

U (τ) = Balloc
U (τ) ∪Balloc

i (τ)

8: for (i, j) i ∈ G, j ∈ R with lth highest Ri,j(τ)/Ti,j(τ) do
9: if Bavail

d (τ) > 0 then
10: Balloc

i,j (τ) = min(Bavail
u (τ), Bneed

i (τ))

11: Bavail
d (τ) = Bavail

d (τ)−Balloc
i,j (τ)

12: Balloc
D (τ) = Balloc

D (τ) ∪Balloc
i,j (τ)

Round Robin (RR) Scheduler

Under RR, the available RBs are assigned in equal and circular fashion among the DERs
[87]. It does not take channel condition into account while allocating RBs.

Finally, a random scheduler where a random set of DERs is selected to be uploaded and
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downloaded along with an ideal scheduler that communicates without any delays are used
to compare the performances.

4.9 Performance Evaluation

The final performance between the schedulers in terms of the AoI and smart grid stability
will be analyzed in this section. A rectangular region of l × b is considered, where the BS
is located at (l/2, b/2) and the DERs are located randomly in that rectangular region. To
model the path loss realistically, the path loss exponent γ is set as 3.76 per third generation
partnership project (3GPP) urban path loss model [65]. We consider a 5G numerology of
µ = 0. The two test systems are designed so that system I has 3 DERs while the system II
has 28 DERs. The number of RBs in the uplink and downlink for test systems I and II are
Bu = 2, Bd = 3 and Bu = 10, Bd = 20 respectively. The size of the packets from different
DERs vary such that the number of RBs needed to completely transmit a single packet for
DER i, i.e., Bi, vary from 1 to 3. These parameters are listed in Table 4.5. The channels,
traffic generation and RB allocation are modeled as described in Section 4.3.

The two systems employ distributed control of DERs and the analysis is carried out in the
dq-frame of reference [30]. The set point changes are done by setting Voq to zero Vod is
changed. The communication between the DERs take place as explained in the previous
sections. We propose using a metric called aggregate tracking error (ATE) to capture the
system performance. ATE is calculated as

ATE =

steady state∑
t=start of disturbance

|Vod(t)− Vsp(t)|. (4.19)

To get the relative performance of a scheduler as compared to when ideal communication
is used, ATE of a considered scheduler is normalized with respect to the ATE of an ideal
scheduler. This is referred to as the normalized aggregate tracking error (NATE) and is
measured as

NATE = ATEscheduler/ATEideal. (4.20)
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Figure 4.15: IEEE 34-bus test feeder with 3 DERs.

4.9.1 Test System 1

Test system I is the IEEE 34-bus distribution system, see Fig. 4.15. The system has 3 DERs
in voltage control mode and is made to operate with a system voltage of 24.9 kV in the grid
connected mode. Each of the DERs are implemented as a voltage-sourced converter (VSC)
unit behind an LCL filter (L = 1.8 mH and C = 100 uF). The connectivity between the
DERs is as per the adjacency matrix A -

A =

0 1 1

1 0 1

1 1 0

 . (4.21)

Set Point Change in Output Voltage of a DER

At t = 0.1 s, the d-component of the output voltage set point of DER 2 is changed from
1.00 pu to 1.10 pu, while Voq is set to zero. The system response under the different schedulers
is shown in Fig. 4.16 and the NATE values are shown in Table 4.6. It is seen that the AoI
based schedulers significantly outperform the non-AoI schedulers. Compared to the baseline
of the ideal scheduler, the NATE values for the MAD and MAF schedulers only increases
by 21% and 28%; whereas they increase by 53% and 80% for round robin and proportional
fairness schedulers. Random scheduler performs the worst as its NATE degrades by 116%
compared to the ideal scheduler.
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Table 4.5: Communication Parameters used in simulation
Parameter Value
Deployment region l × b 1000m × 1000m
Transmission power puτ,f 40 dBm [66]
Noise power σo 10−10 W
Path loss exponent γ 3.76 [65]
Channel Rayleigh fading channel
CSI error variance σ2

e 0.01 [65]
Traffic model Generate at will
5G numerology µ 0
Number of DERs N 3, 28
Number of RBs in uplink Bu 2, 10
Number of RBs in downlink Bd 3, 20
RBs needed by ith DER Bneed

i [1,3] ∀i ∈ G
BS location (l/2, b/2)

Figure 4.16: IEEE 34-bus system response of DER 2 to a step change in voltage set point
from 1.00 pu to 1.10 pu at t = 0.1 s under different schedulers.

Three-Phase to Ground Fault

At t = 0.05 s, a three-phase ABC-G fault is simulated for a duration of 0.03 s at bus 844.
The system response under different schedulers is shown in Fig. 4.17. It can be seen that
AoI-aware schedulers have lower NATE values compared with non-AoI aware schedulers.
Compared to the baseline of the ideal scheduler, the NATE for the MAD scheduler only
increases by 19%; whereas they increase by 29% for round robin. Random scheduler performs
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Table 4.6: Normalized Aggregate tracking errors (NATE) for different schedulers (IEEE
34-bus distribution system)

Normalized aggregate tracking error for different disturbances
Scheduler Voltage set point change Three-phase fault Change in active load
Ideal 1 1 1
MAD 1.21 1.19 1.22
MAF 1.28 1.26 1.26
Round robin 1.53 1.29 1.37
Proportional fairness 1.80 1.44 1.43
Random 2.16 1.89 2.01

Figure 4.17: IEEE 34-bus system response to a ABC-G fault applied at bus 844 at t = 0.05 s
for 0.03 s under different schedulers.

the worst as its NATE degrades by 89% compared to the ideal scheduler. These values are
summarized in Table 4.6.

Change in Real Power of the Load

The real power of the load connected to bus 844 is changed from 1 MW to 20 MW at
t = 0.1 s. The system response under different schedulers is shown in Fig. 4.18. Table 4.6
shows that AoI-based schedulers perform much better. Compared to MAD scheduler, the
NATE for round robin, proportional fairness, and random degrades by 12.29%, 17.2%, and
64.7%.
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Figure 4.18: IEEE 34-bus system response to a change in real power of the load at bus 844
from 1 MW to 20 MW at t = 0.1 s under different schedulers.
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Figure 4.19: CIGRE distribution system with 28 DERs. Loads are not shown.

4.9.2 Test System 2

Test system II is the CIGRE distribution system with 28 DERs, see Fig. 4.19. It operates in
the islanded mode with a system base voltage of 0.48 kV. The analysis is carried out in the
dq-frame of reference. The DERs (rated 6 MVA) are modeled as a VSC unit behind an LCL
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Table 4.7: Normalized aggregate tracking errors (NATE) for different schedulers (CIGRE
distribution system)

Normalized aggregate tracking error for different disturbances
Scheduler Voltage set point change Three-phase fault Change in active load
Ideal 1 1 1
MAD 1.015 1.188 1.015
MAF 1.016 1.193 1.031
Round robin 1.023 1.220 1.038
Proportional fairness 1.029 1.226 1.043
Random 1.085 1.230 1.068

filter (L = 7.33 uH and C = 1.38 mF). In this case, the communication among the DERs
are:

• DER 1 communicates with DER 2 and DER 1.

• DER 14 communicates with DER 13 and DER 1.

• DER 15 communicates with DER 16 and DER 28.

• DER 28 communicates with DER 27 and DER 15.

The disturbances along with the performance of the schedulers in handling them are de-
scribed below:

Set Point Change in Output Voltage of a DER

The d-component of the output voltage set point of DER 1 is changed from 1.00 pu to 1.05 pu
at t = 0.1 s, while Voq is set to zero. The response under different schedulers is shown in
Fig. 4.20 and Table 4.7 lists the NATE values. As expected, the AoI based schedulers have
better performance. While the MAD and MAF schedulers only see a 1.5% and 1.6% increase
in NATE as compared to the ideal scheduler, the round robin and proportional fairness see a
2.3% and 2.9% increase in NATE. Similar to the scenarios described above, random scheduler
performs the worst, an increase of NATE of 8.5%, as compared to the ideal scheduler.
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Figure 4.20: CIGRE system response of DER 1 to a step change in voltage set point from
1.00 pu to 1.05 pu at t = 0.1 s under different schedulers.
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Figure 4.21: CIGRE system response to a ABC-G fault applied at bus 1 at t = 0.1 s for
0.03 s under different schedulers.

Three-Phase to Ground Fault

At t = 0.1 s, a three-phase ABC-G fault is simulated for 0.03 s at bus 1. Fig. 4.21 shows
the AoI schedulers provide much better stability in terms of lower NATE as compared to
non-AoI based schedulers. While the MAD scheduler only sees a 19% increase in NATE as
compared to the ideal scheduler, the round robin and random scheduler see a 22% and 23%
increase in NATE.
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Figure 4.22: CIGRE system response to a change in real power of the load at bus 1 from
4.5 MW to 0.5 MW at t = 0.1 s under different schedulers.

Table 4.8: Age of Information (AoI(T )) at the destination DERs for the test cases
Schedulers IEEE 34-bus (ms) CIGRE (ms)

MAD 23992.01 215932.00
MAF 33402.91 232698.74

Round Robin 36696.97 326647.82
Proportional Fairness 47939.47 433371.46

Random 59873.52 514520.33

Change in Real Power of the Load

In this case, the real power of the load connected to bus 1 is changed from 4.5MW to 0.5MW
at t = 0.1 s. The response under different schedulers is shown in Fig. 4.22 and Table 4.7 lists
the NATE values for the different schedulers. It can be seen that MAD and MAF schedulers
have lower NATE compared with other schedulers. RR and PF have a 2.26% and 2.76%
higher NATE compared with MAD. Random scheduler has a 5.22% higher NATE compared
with MAD.

Finally, the overall AoI(T ) for the IEEE 34-bus system and CIGRE systems are shown in
Table 4.8. The AoI based schedulers base their scheduling decisions on the AoI values which
ensures the DERs are updated on the most recent state of the system. As a result, the AoI-
based schedulers have a better performance in ensuring the stability of the system. Similarly
to UAV-assisted internet of things (IoT) networks [37], MAD outperforms MAF. This is
because MAD leads to the maximum reduction in AoI at both the BS and the destination
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DERs [37]. Among the two non-AoI schedulers, RR has better AoI minimization performance
compared to PF. It should be noted that RR also has been shown to have better performance
in terms of delay and throughput [87, 94].

4.10 Distributed AoI minimization

It is important to note that the minimizing of AoI in the smart grid scenario presented above
is different from traditional approaches of minimizing AoI of packets generated at source
devices at a central monitoring station [37] or when each source has a unique destination [106].
This is because in the smart grid scenario involves the minimizing of AoI of packets generated
at source devices in a distributed manner at the destination devices. For the general case of
a distributed network with heterogeneous sources, each source can have unique properties
like variable number destinations, different RB requirements, channel conditions, traffic
generation pattern etc. Due to this, the following aspects have to be considered in the
scheduling process -

• The uploading step should factor in the number of devices downloading the information
from a particular device. Consider two different source devices, d1, d2, where their
information is downloaded by M and N devices respectively where M > N . As the
AoI of d1 will have a greater impact on the final AoI (see Eqn. (4.14)), d1 should be
prioritized in the uploading step assuming other things to be equal.

• The downloading step should prioritize the devices who were recently uploaded. Cur-
rently the MAD scheduler studies in this chapter considers the upload and download
as separate steps. This is not desirable as those are sequential operations. Therefore
the download step should consider devices who uploaded recently as they will lead to
a large improvement in AoI at the destination devices.

• As the packets generated from different sources can have different sizes, those packets
will have different RB requirements. Hence this becomes another critical aspect as the
number of available RBs is a bottleneck and has to be used judiciously.

• As mentioned in Chapter 3, the packet generation pattern at the devices and channel
conditions also need to be accounted in the scheduling decisions.
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Table 4.9: Adjacency matrix representing communication links
Device 1 Device 2 Device 3

Device 1 0 1 1
Device 2 0 0 1
Device 3 1 1 0

To highlight the above points, we devise a heuristic based scheduler that has the same
criteria as the MAD scheduler in scheduling devices for uploading, but prioritizes recently
uploaded devices in the downloading step. As it considers an ordering between the upload
and download steps, it is termed as ordered MAD (oMAD) scheduler. A simple 3 device
network where the number of destinations per source is not same and other conditions like
RB requirements (1 RB needed per packet), channel conditions (lossless), packet generation
periodicity (1 packet per slot) are kept the same across all devices. The observation interval
T = 5 slots and the total available RBs in the uplink Bu = 2 and downlink Bd=3 respectively.
The adjacency matrix is shown in Table 4.9:

The results obtained shows that oMAD achieves an AoI of 31.58 compared to 33.64 of MAD,
and hence oMAD does better than MAD in terms of minimizing the AoI of the source devices
at the destination devices for this particular network configuration. As MAD is proven to be
optimal under the scenario where information is collected at a single monitoring station [37]
or when each source has a unique destination device [106], and we see oMAD outperforms
MAD here, this proves MAD is no longer optimal for distributed networks.

This strongly motivates designing of better scheduling algorithms specifically designed for
AoI minimization in distributed networks that take into account the network connectivity
and other factors mentioned above. Reinforcement learning based schemes provide a great
way to incorporate these factors in its decision process and therefore we propose using a Deep
Q Network (DQN) based scheduler. The basics of DQN are explained in detail in Chapter 3,
see Sec. 3.4.2 for details. The Markov Decision Process (MDP) framework needed to set up
the DQN for the current network is explained next.

State Space The state is defined to be the scenario experienced by the agent, i.e. the
scheduler. We define the state at any slot t as
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x(t) = {t, {AoIBSi (t)}Gi=1, {AoIdestr (t)}R̄r=1} (4.22)

At t=1, AoIBSi (t) and AoIdestr (t) are initialized to 1. The set of state space is denoted by X .

Action Space In terms of scheduling, each step involves allocation of RBs to the uplinks
and downlinks. Therefore the action is represented as

a(t) = (U(t),D(t)) (4.23)

where U(t) and D(t) denote the RB allocation to the uplinks and downlinks respectively.

Reward

As the objective is improving the information freshness of the packets at the final destinations
(see Eqn. (4.14)), the reward is given by the negative of the average AoI of all the devices
at their destinations at slot t

r(x(t), a(t)) = r(t) =
AoI(T )

T |R̄|
(4.24)

Note that compared to Eqn. (4.14) where we consider the sum AoI as the final performance
metric, Eqn. (4.24) involves a normalizing term over the sum AoI. This is because the sum
AoI has a large spread/variance which could cause the DQN’s weights to change quickly and
can lead to an unstable learning process [29].

The DQN based scheduler is shown in Fig. 4.23 and explained in Algorithm 9. The hyper-
parameters and the network are initialized in lines 1 - 2. For each step, a random action is
taken with probability ϵ or the action with the highest Q-value is selected with probability
1-ϵ in lines 6 - 8. The selected action is performed and environment transitions to the new
state in lines 9-10. Line 11 stores the resulting experience in the replay memory. Then a
mini-batch of samples is used to train the network in lines 12-17, after which the weights
of the current network are updated in lines 18. Line 19 updates the target network weight
every O slots. Note that the working principle behind the DQN algorithm is explained in
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Figure 4.23: DQN network architecture.

detail in Chapter 3 and hence is not repeated again here.

4.11 Results

To evaluate the performance of the various schedulers, two different conditions are considered
- (a) ideal conditions where the channels are lossless, the source devices follow a generate-
at-will traffic generation model and the packets from each source require 1 RB , and (b)
non-ideal conditions where the the wireless channels are lossy, the source devices generate
packets at certain fixed periodicities and the packets from different sources require different
number of RBs. For the non-ideal conditions, the communication parameters is set as per
Sec. 4.7.2. The final results for the ideal and non ideal conditions are shown in Fig. 4.24 and
4.25 respectively. The DQN scheduler outperforms all other schedulers in achieving the least
AoI which proves that a learning approach is desirable in such scenarios. It can be seen that
for both the ideal and non ideal conditions, the DQN scheduler outperforms oMAD, MAD
and all other schedulers. It should be noted that the percentage improvement that DQN
scheduler offers over MAD is greater under the non ideal conditions (15%)as compared to
the ideal conditions (5%). This is because the only important feature for the ideal condition
is the connectivity among different devices, whereas additional factors like RB requirements,
channels qualities, traffic generation etc. provides the learning algorithm more features to
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Algorithm 9 DQN scheduler
1: Initialize the replay memory R, probability ϵ, current network weights θ, target network weights

θ−. Set episode = 1.
2: Initialize the current network Q(s, a|θ) and the target network Q(s, a|θ−).
3: for episode=1:E do
4: initialize the environment by setting t = 1.
5: for t=1:T do
6: Select an action a:
7: select a random action a ∈ A with probability ϵ,
8: otherwise select a = arg maxaQ(x(t), a|θ).
9: Perform action a.

10: Observe the reward r(t) and the new state x(t+ 1).
11: Store experience {x(t), a(t), r(t), x(t+ 1)} in replay

memory.
12: Sample a random mini-batch B of transitions

x(t′), a(t′), r(t′), x(t′ + 1) from the replay memory.
13: Calculate target value:
14: if x(t′ + 1) is a terminal state then
15: y(t′) = r(t′),
16: else
17: y(t′) = r(t′) + maxaQ(x(t′ + 1, a|θ−)).
18: Update θ using the weight update rule.
19: Update target network by setting θ− = θ every O steps.
20: Episode ends if x(t+ 1) is the terminal state.

learn from which the other schedulers are unable to account for.

4.12 Conclusion

In this chapter, we develop a co-simulation environment to evaluate the performance of a
smart grid under a 5G Radio Access Network (RAN). The results show that the smart grid
remains stable under 5G. Then we focus on the scheduling part of the RAN and compare
the Age of Information (AoI) minimization among different schedulers. We see that the
minimization of the AoI also correlates to improved stability, which points to the need for
AoI minimization based 5G protocols in smart grid applications. Then, we highlight the
difference in distributed scenario like the smart grid as compared to scenarios where the AoI
is measured at a central monitoring station. Due to this, the Maximal Age Difference (MAD)
scheduler, which is proven to be optimal for AoI minimization under many different scenarios,
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Figure 4.24: AoI obtained under ideal conditions.

Figure 4.25: AoI obtained under non-ideal conditions.
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is no longer optimal in this case. This distributed network setting of smart grid is commonly
encountered is a variety of other settings like remote surgery, multi-robot coordination etc.
However, it has not been investigated in the current AoI literature. We propose a Deep Q
Network based scheduler that outperforms the MAD and all other schedulers in all considered
scenarios. This work will be extended to consider modulation and coding scheme (MCS)
selection in addition to RB allocation to design a full fledged 5G scheduler for distributed
networks.



Chapter 5

Conclusions and Future Work

In this dissertation, we have investigated various means of minimizing the Age of Information
(AoI) for three time-sensitive autonomous systems, namely vehicular networks, UAV-assisted
IoT networks, and smart grid. AoI is a natural choice to measure these systems’ performance
from a communication perspective. This is because the fresher the information at the re-
ceiver, the better is its awareness of the system state which allows it to make better control
decisions. The applications investigated in this dissertation are categorized by the type of
connectivity between the source and destination nodes. The first type is the one-to-all con-
nectivity. In Chapter 2, we show that for vehicular networks involving broadcast mode of
communication, the AoI and the safety performance are related, but under certain condi-
tions this relationship no longer holds. Therefore, mobility needs to be accounted for in
addition to the AoI when designing a rate-control algorithm to improve safety. We consider
a binary classification of the vehicles in terms of their current mobility pattern, i.e. risky
and non-risky. This can be extended to a multi-class classification that takes into account
the road conditions, past and current mobility patterns, etc. This extension can help for-
mulate a unified risk metric that captures the likelihood of a vehicle colliding with another.
Additionally, currently we do not consider the vehicles reacting to the information received.
Ideally, upon receiving any information that indicates the current trajectory could lead to
a collision, the vehicle should change velocity/lanes to avoid the collision. Therefore, future
work should incorporate this reactive behavior at the vehicles.

AoI minimization in networks with multiple sources and a single destination, or all-to-one
networks, is considered in Chapter 3. The application investigated is a UAV-assisted IoT
network. Using mathematical analysis and simulations, we show that a Maximal Age Dif-
ference (MAD) scheduler is the optimal scheduler for minimizing AoI under ideal conditions,
i.e., lossless channels and a generate-at-will traffic generation model at the IoT devices.
When considering practical conditions, MAD is no longer optimal and hence we propose
reinforcement learning (RL) based schedulers. The RL schedulers do well because they can

125
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address the packet generation patterns and channel qualities in their scheduling decisions.
Specifically, we use Deep Q Networks (DQN) and Proximal Policy Optimization (PPO) al-
gorithms to design schedulers for general conditions. While the DQN-based scheduler works
well for smaller networks, it cannot scale well for larger networks. This is due to an intrinsic
drawback of DQN in converging for larger action spaces. The PPO-based scheduler doesn’t
have this drawback and hence can be applied to large networks. Another added advantage
of the PPO-based scheduler is that it can also adapt to changing network conditions. It is
desirable that a trained model is able to adapt to changing conditions. A natural extension
of this work is to develop a decentralized learning model where each UAV is an agent that is
responsible for scheduling the devices under its coverage. This will further reduce the action
space and allow for collaboration among UAVs, using federated learning. Other possible
areas for exploration are to add mobility to the IoT devices or users so that the handover
of the devices/users between UAVs is considered. Finally, in this work, we consider the
placement of the UAVs as fixed. However, given the location of the IoT devices, UAVs can
be positioned for both best coverage and AoI minimization. Hence investigating the optimal
placement along with the scheduling is another important direction for future work.

In Chapter 4, we focus on AoI minimization for distributed networks where the relationship
between the source and destinations is not as direct as in the previous AoI studies. An
example is the smart grid application. We develop a co-simulation platform that studies
the performance of a smart grid in the presence of a 5G Radio Access Network (RAN). The
smart grid is simulated in PSCAD and MATLAB, while the 5G RAN is modeled in Python.
The results obtained show that 5G is able to reliably support smart grid operations. This
is significant as current smart grid connectivity is done using fiber-optic cables which are
expensive and also cannot scale easily as new components are added to the grid. Then,
to investigate the relationship between improved AoI and stability in the smart grid, we
evaluate different schedulers. Here we find that the MAD scheduler achieves the least AoI
and that a reduced AoI directly correlates with improved smart grid stability. Therefore
designing of AoI-centric 5G protocols becomes important as the smart grid is one of the
key application areas of 5G. Additionally, we highlight the differences between distributed
networks as compared to the networks traditionally considered in the literature, and the
need to account for these differences in the scheduling process. While the MAD scheduler
is proven to be optimal for a variety of networks, it is not the case for a distributed one.
This provides a strong motivation to use reinforcement learning and we propose a DQN-
based scheduler that outperforms all the other considered schedulers. The current results
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consider only RB allocation and could be extended to incorporate modulation and coding
scheme (MCS) selection based on changing channel conditions. Results obtained motivate
schedulers to be developed that take into account factors specific to distributed networks
with heterogeneous sources, like the number of destinations per source, RB requirements for
the packets of different devices, sequential nature of uploading and downloading, channel
conditions, and periodicity of packet generation. Such schedulers would be applicable for
many modern applications like multi-robot coordination, networked control systems, etc.
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