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Abstract
The exponential rise in the demand of Quality of Service (QoS) enabled and
energy efficient communication system demands has triggered global
academia-industries to develop a low cost, QoS enriched energy efficient and
reliable routing protocol and networking solutions. To meet the demand of low
cost V2V communication systems, efforts have been made globally to exploit
mobile-WSN based routing protocols. Cross layered architecture based
network condition aware routing protocol (NCARP) has been found robust to
meet major V2V communication demands while ensuring higher throughput,
reliable and mission critical data transmission. However, realizing the need to
have a robust dynamic power management model (DPM) for NCARP, in this
paper a novel dynamic network state learning (DNSL) model is developed that
performs stochastic learning for known as well as well unknown network
parameters to enable optimal transmission decision at (NCARP) PHY. The
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proposed reinforcement learning, DNSL armoured with Hidden Markov
Model and Langrangian relaxation enables not only energy efficient
transmission, but also ensures optimal buffer or resource utilization, minimum
delay, overflow and power consumption etc. The results obtained justify that
the proposed DNSL learning based DPM outperforms generic Q-DPM model.
Keywords: Dynamic Power Management, inter-vehicular communication,
Dynamic Network Learning, Mobile-WSN, NCARP routing.

I.
INTRODUCTION
In recent years, we have witnessed tremendous demand for low cost communication
systems, particularly to serve Internet of Things (IoTs) ecosystem [1]. When exploring
a novel communication system the key parameters, energy efficient, throughput, delay,
computational overheads and cost effectiveness become inevitable factors to be
considered. The rising global population, individual purchasing power and respective
demands have given rise to the exponentially high pace automobile production. On the
other hand to enable safe driving and QoS to the end-users the inter-personal
communication can be of paramount significance [2]. Recently applying vehicular Adhoc network (VANET (IEEE 802.11p)) a number of efforts have been made for intervehicular communication where intend has been made to perform communication
between or amongst vehicles in traffic or between vehicles and base stations. However,
in practice VANET requires significantly higher infrastructure and the capital cost.
With intend to provide a low cost and efficient alternative for inter-vehicular, also
called vehicle to vehicle (V2V) communication authors [3] developed VASNET and
combination of VANET and Wireless Sensor Network (WSN (IEEE 802.15.4))
technologies. However, in their work WSN being static in nature could be functional
only as a forwarding (static) node or as a data collector road side unit (RSU). Here, the
predominant reason behind such limited scopes of WSN is its inability to exhibit
mobility. The decentralized and Ad-hoc nature of WSN enable it as a robust and low
cost communication solution serving an array of applications including security
surveillance, intelligent transportation system (ITS), industrial monitoring and control
systems, defence system, etc. Majority of WSN based applications including V2V
communication system demand energy efficient, scalar, delay sensitive and QoS
assured data transmission. The V2V communication system possesses tremendous
potential to facilitate inter vehicular communication as well as between control station
or even certain strategic infrastructure and vehicles. It can play a vital role in enabling
vehicular communication, administrative purposes, traffic navigation purposes,
vehicular self-navigation, accident avoidance mechanisms etc. To fulfil such
anticipations, particularly for V2V communication systems, where timely data delivery
without compromising with throughput is must, enriching routing protocol is
inevitable. On the contrary, to facilitate low cost WSN based V2V communication
system is feasible only with the mobile-WSN provision, which has still been an
unexplored research domain. Introducing mobility in WSN can no doubt increase the
probability of congestion, significantly higher data drop, energy exhaustion, end-to-
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end delay, etc. These adversaries result into degraded network performance, energy
exhaustion, reduce network life time and QoS violation that somewhere make it
unsuitable for V2V communication purpose. Interestingly, in last few years
introducing mobility with WSN has motivated academia-industries and with the
similar motivation in our previous work [4] we developed a mobile-WSN routing
protocol for delay sensitive real time data (RTD) or mission critical data delivery. To
adopt mobile-WSN network conditions, we developed a cross-layer model using PHY,
MAC, network, and application layers to derive a network condition aware routing
protocol (NCARP) for RTD delivery in V2V communication system. NCARP applied
optimization across different WSN protocol stack by introducing fair scheduling based
service differentiation (SD), adaptive link quality estimation, proactive node
management, dynamic buffer availability estimation, packet velocity estimation, delay
sensitive resource scheduling for RTD delivery over mobile-WSN to be used for V2V
communication purposes. NCARP exhibited appreciably better for RTD delivery while
ensuring that non-real time data (NRT) data could be provided sufficient resource to
maintain overall QoS of the system.
No doubt, a number of efforts have been made on using multiple constraints to derive
best forwarding node and path; however NCARP is one of its kinds routing approach
that considers major network parameters for route decision so as to strengthen mobileWSN to be used for V2V communication purposes. The prime novelty of our previous
work [4] was mobility based WSN and multiple constraints based best forwarding
node selection for RTD delivery; however considering extremely higher mobility
conditions and hence dynamic topological variations resulting into buffer contingency
or congestion condition requires time efficient routing decision process. In addition,
when working with V2V communication fading can have vital role on impacting
overall network performance. Therefore, enabling a wireless communication routing
protocol and power management model with prediction-ability to deal with both the
multiple parameters (channel states, buffer states, network topology, throughput etc)
learning and stochastic network condition prediction for effective power management
motivate us to develop a robust (power management) learning model for NCARP
routing approach to achieve energy efficient and mission critical data transmission in
V2V communication systems. A number of energy efficient models have been
developed based on PHY level and system level components; however with V2V
communication and NCARP model functions, combining PHY as well as system level
approaches for energy efficient power management and routing scheme can be
significant. With this motivation, in this paper a PHY and system level component
based (energy efficient) stochastic learning model has been proposed for adaptive
power management and transmission decision to be used for both the dynamic
topological conditions and varying channel status. The prime goal of this model is to
incorporate it as a learning approach for delay sensitive and energy efficient data
transmission for NCARP routing protocol.
The other sections of the presented manuscript are divided as: Section II discusses
some of the key literatures, which is followed by problem formulation for the proposed
learning and stochastic prediction model in Section III. The results obtained are
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discussed for its significance in Section IV. The conclusion and future works are
discussed in Section V. The used references are mentioned at the last of the
manuscript.
II.
RELATED WORK
To enable a robust and efficient routing scheme for cost effective V2V communication
system, especially with mobile WSN (IEEE 802.15.4 standard) technologies
maintaining minimal energy exhaustion, efficient node table management, end-to-end
delay, higher throughput and more precisely efficient networking computational are
must. Estimating different channel parameters and deriving an optimal best forwarding
node selection for delay sensitive and QoS centric routing protocol was developed in
our previous work [4]. In our previous work [4], we exhibited that estimating channel
information, primarily the bandwidth, packet velocity, deadline time, link quality etc
and applying it for forwarding node selection can ensure higher throughput with
minimal data retransmission and deadline miss ratio. However, we could not address
the computational complexities and associated energy efficiency of the proposed
model. As stated, introducing multi rate link adaptivity and delay sensitive
transmission can make our proposed NCARP model more robust and efficient for low
cost real time V2V communication.
V2V communication being a highly dynamic type network (i.e., undergoes extreme
topology variations), requires optimal network parameter estimation and learning to
make route decision. In continuation of our previous work [4], in this paper a novel
probabilistic learning model has been proposed for cross-layered network condition
aware routing protocol (NCARP) routing protocol to ensure energy efficient and delay
sensitive mission critical communication for inter-vehicular or V2V communication.
This research paper primarily emphasizes on developing a novel energy efficient and
delay sensitive multiple (dynamic topology) parameter learning scheme for route
decision process and data transmission purposes. To strengthen energy efficiency of
the wireless communication system different approaches including Adaptive
Modulation and Coding (AMC) and dynamic power management models have been
proposed. Considering energy efficient wireless communication, authors [5][6] applied
two basis network parameters inclination and inter-node distance to perform data
transmission decision. Particularly, in [6] authors applied a multi-relay based energyefficient, delay-sensitive transmission model for wireless communication system.
Similar effort was made in [7] where energy and delay were used as the key parameter
to develop a self-configurable IEEE 802.15.4 MAC model. Applying PHY centric
approach authors [8][9] applied LEACH and AODV to reduce energy exhaustion.
Further, CSMA/MAC enabled iQueue-MAC was developed in [10] to optimize energy
and throughput efficiency during heavy traffic conditions. In [11] authors have applied
local network parameter named efficient advancement metric (EAM) that considers
the maximum distance (forwarding) and successful transmission likelihood along with
channel condition (status) to formulate an energy efficient routing protocol. To
achieve energy efficiency, their approach identified the energy efficient relay node to
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forward data. Exploiting EAM they derived a cross-layer model for packetforwarding called channel-aware geographic-informed forwarding (CAGIF). CAGIF
conditions were like each node must have the information about the source and sink
nodes. However, with V2V communication scenario, due to extreme dynamism in
network topology this approach might undergo adversaries resulting into reduced
efficiency. A cross-layer protocol design was suggested for WSN in [12], where
authors derived “green Task-Based Sensing” (gTBS) model applied data sensitive
power adaptation with sleep-awake scheduling that made inactive nodes to sleep so as
to reduce energy exhaustion. An energy efficient cross-layer design was proposed in
[13] that applied “token passing scheme” for WSN. Considering network learning
efficacy and its impact on energy efficient route decision, authors [14] applied UAV
as a Mobile Agent to perform network learning so as to reduce energy exhaustion.
Considering mobile node based WSN and its energy consumption issues, authors [15]
developed a distributed energy efficient cluster model where mobile sink moves
around target region with pre-defined path and velocity. However, with realistic V2V
communication, it remains questionable. A number of efforts have been made for
enhancing mobile sink node for energy conservation in cluster head (CH) based WSN
routing protocols [16]; however most of the approaches lack applying a predefined
time to visit CH for data gathering. Authors [16] developed an energy based CH
selection model with dual sink node to reduce energy exhaustion.
Authors [17] derived an application layer (for node localization), network (for routing
decision), MAC and PHY based cross-layer model to enhance energy consumption in
IEEE 802.15.4 based WSN. In this approach, the topological information such as
mobile node location are used to perform route discovery, which is later applied at
MAC to incorporate transmission power control for further transmission range
decision. In fact, authors focused on reducing the neighbour discovery by considering
active routes only. In addition, they intended to reduce control packet broadcast among
nodes to reduce energy exhaustion. However, they could not address the dynamic
topological variations and other key parameters estimation so as to enable energy
efficient and cost effective routing. Similar work was done in [18], where authors
developed mobile sink based clustering algorithm (MECA) where they split network
into multiple clusters and exploiting intra-cluster distance they developed multi-hop
routing so as to reduce energy consumption. In [19] authors considered user equipment
(UE) as mobile node to perform WSN data gathering. Here UE functions as sensoractuator to perform data transmission or gathering, while maintaining network
topology intact and static. Authors [20] derived a cross layer model for energyefficient and reliable data transmission over WSNs, where they jointly considered
network layer and adaptive power control transmission strategies. Authors [21]
developed a cooperative power and energy efficient routing scheme for WSNs, where
the network statics retrieved from connected nodes were processed to make routing
decision. In [22], authors applied convex formulation based cross layer network model
which intended to optimize network lifetime. Their proposed convex formulation with
bandwidth enables the channel states to be used for further learning and route
decision. They applied their learning model for congestion avoidance. Authors [23]
derived a cross layer model using PHY, MAC and network layers where at first they
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derived transmission power, residual energy and link quality, and applying Fuzzy
learning approach they decided next hope node to achieve energy efficient data
transmission. A hybrid evolutionary approach using genetic algorithm (GA) and
bacteria foraging optimization (BFO) model was used in [24] to learn network
information so as to decide best forwarding path for data transmission over WSN.
However, the key limitation of GA and BFO such as local minima and convergence
issues puts this approach under questionable status, especially when it is supposed to
be used for swift (dynamic) network conditions.
III. PROBLEM FORMULATION
In our previous research [4], we developed a cross layer model based Network
Condition Aware Geographical Routing Protocol (NCARP) to ensure QoS delivery for
mission critical data transmission for V2V communication system. NCARP introduced
multiple novelties including Quality of Service (QoS) oriented service differentiation
based resource scheduling, congestion awareness, dynamic neighbourhood
management, packet velocity estimation, dynamic link quality estimation, adaptive
link adaptation etc. The emphasis was made on enhancing real time data (RTD)
transmission while ensuring optimal bandwidth utilization and higher throughput.
Unlike traditional approaches, the proactive node table manager strengthens optimal
route decision mechanism, while dynamic buffer assessment based congestion
avoidance and link quality based best forwarding node selection strengthened NCARP
to deliver higher throughput with delay sensitive transmission. No doubt, with higher
throughput and delay minimal energy exhaustion could be predicted; however
considering extreme dynamism of the network topology which is common in V2V
communication, NCARP could not address power issues and computational efficacy
issues. We emphasized on introducing optimization at Application layer, MAC layer
and Network layer. Exploring the realistic scenarios, in this paper we intend to
develop a robust dynamic network state learning (DNSL) based DPM model at PHY
of the NCARP [4] where it is intended to enhanced higher resource (i.e., buffer
occupancy) utilization, delay, and energy efficiency. On the contrary, fast convergence
is inevitable for routing decision process in V2V communication. With varying
topological network conditions, enabling a routing protocol sufficient to make routing
decision swift is must. In [4], NCARP protocol at first retrieves various network
parameters such as buffer availability, packet velocity and dynamic link quality, which
are further used to perform best forwarding node selection. Learning these parameters
and making swift energy-efficient power management model for transmission decision
can be of paramount significance. This research paper intends to develop a novel
energy efficient and delay centric learning approach to strengthen NCARP power
management ability so as to enable it energy efficient and delay centric (mission
critical) transmission over mobile-WSN based V2V communication system.
To enhance energy efficiency of the routing protocols, emphasis has been made on
enhancing PHY layer, and to achieve this various approaches such as adaptive
modulation and coding (AMC). There are very less efforts made so far for unified
model applying both the PHY as well as upper layers of the protocol stack.
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Considering the real time V2C communication scenario where there is an exceedingly
higher topological variation, in this paper, an efficient predictive learning based DPM
model has been developed to enable energy efficient, delay resilient and cost effective
(i.e., power management system) transmission for V2V communication systems. One
of the prime novelties is the consideration of the unknown network conditions, and
time-varying channel condition or channel state information (CSI) variations. To
achieve these objectives, in this research work certain stochastic optimization model
(SOM), a well know stochastic approach named Hidden Markov Model (HMM) has
been applied. Considering higher dynamism of the network topology and unknown
channel state conditions, in this paper we have applied Hidden Markov Model (HMM)
based stochastic model to predict CSI that as a result helps in optimal decision
processes. The proposed DNSL model applied Markov decision process (MDP) as the
stochastic optimization problem. To resolve this problem, a robust reinforcement
learning model has been applied that performs learning over known network state
parameters as well as unknown network parameters. The key significance of the
proposed model is that it avoids the need of a priori-knowledge of the traffic type (data
type), arrival time and even channel state conditions (say, channel statistics) to
formulate a cumulative DPM decision. Our proposed model intends to exploits very
less node and channel information that makes its robust to perform learning. With
these novelties, the proposed model can significantly reduce the time required to adopt
varying network topology and thus the efficient delay sensitive V2V communication
could be accomplished using mobile WSN.
IV. PROPOSED RESEARCH
This section primarily discusses the proposed cross layer architecture and enhanced
learning based power management model. To model a robust cross-layered power
management model for NCARP [4], in this research a time-slotted framework has been
taken into consideration, where it is assumed that the overall time is split into certain
defined discrete-time intervals (∆t) in such a manner that the nth time-slot is
characterized in terms of the time gap(𝑛∆𝑡, (𝑛 + 1) ∆𝑡 ). Here, to strengthen power
efficiency of the NCARP model, the power management and transmission decisions
are performed at the start of individual time-slot. Noticeably, the state of current
system is hypothesized to be fixed across each∆𝑡.
Considering the architecture design of our proposed NCARP model where a cross
layer design has been derived to perform communication, to strengthen it with the
efficient power management and transmission efficiency, in this paper a compatible
(cross-layered model) approach is derived. The proposed power management and
transmission model comprises PHY layer as well as upper layer or system layer
components to perform power management and transmission decision. In this paper, a
novel dynamic network state learning (DNSL) model is proposed that stochastically
learns the known (buffer states, signal to noise ratio, and bit error rate, etc) as well as
unknown network parameters to make optimal dynamic power management (DPM)
decision. It intends to optimize power consumption and transmission scheduling in
such way that it ensures maximum possible bandwidth utilization, minimum buffer
cost and delay to meet major QoS demands
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Fig. 1. Proposed delay sensitive and energy efficient data transmission and power
management model
A brief discussion of the PHY layer based power management model is presented as
follows:
A. PHY Layer Power Management Model
Adaptive modulation and adaptive coding (AMC) based power control mechanism has
been the predominant approach for efficient power management in advanced
communication systems. Even including 3rd Generation, 4th Generation and above
techniques, say Long Term Evolution (LTE) technologies. In this work, a case of
frequency non-selective channel has been taken into consideration in which the
parameter stating 𝒽n ∈ ℍ signifies the fading-coefficient over V2V communication
channel (i.e., in between vehicle to vehicle, working as the transmitter and receiver) in
time slot n as depicted in Fig.1. Previous literatures [25], [26], [27], and [28] have
considered that the channel states ℍ as finite and discrete. Particularly authors have
stated channel state as fixed during time interval which can be easily measured. In
addition, they suggested that the dynamic state of the network channel, say channel
state information (CSI) {𝒽𝑛 ∈ ℍ ∶ 𝑛 = 0,1, … } can be derived in the form of a
Markov chain with certain transition likelihood 𝓅h (𝒽′ | 𝒽 ).
In our proposed NCARP power management model, PHY layer has been considered as
single carrier single-input single-output model with constant symbol generation rate
(1 / Τ𝑠 ) that signifies symbols per generation. Here, vehicle unit as transmitter
transmits at the rate 𝛼 𝑛 ≥ Τ𝑠 (bits/s) to the other vehicle (functional as receiver during
mobility), where αn ≥ 1 signifies the total number of bits per symbol estimated
through AMC’s modulation model. Here, each packet is of ℒ bits length, where the
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symbol period Τs is predefined and constant. In our proposed model, to estimate the
signal to noise ratio (SNR) or the bit-error probability (BEP) at the receiver’s
n
maximum likelihood detectors (i.e.,βn ) and the transmission power ℰtx
, can be
estimated using the functions (1) and (2), respectively.
(1)
n
βn β(𝒽n , ℰtx
, οn )
n
ℰtx
= ℰtx (𝒽n , βn , οn )

(2)

where 𝜊𝑛 signifies the throughput per time slot. With the independent bit-errors
across mobile-WSN for inter-vehicular communication, the packet loss rate (PLR) for
each packet having individual size ℒ is estimated using bit-error probability.
Mathematically, PLR is obtained as:
𝑃𝐿𝑜𝑠𝑠 𝑛 = 1 − (1 − 𝛽 𝑛 )𝐿
Since, in NCARP packet throughput has been estimated to assess adaptive link quality
between nodes (say, inert-vehicular sensor node link quality), in this paper we have
considered it as a decision variable. In order to achieve throughput (𝜊𝑛 ∈ 𝕆)so as to
transmit ℒ𝜊𝑛 bits of data in ∆𝑡 time slot, it is required to identify the bit counts per
symbol in modulation process. In our proposed model, the number of bits per symbol
is defined as
𝛽 𝑛 = ⌈𝜊𝑛 ℒΤ𝑠 /∆𝑡⌉ ,
With the known packet throughput signifying the total bits per symbol, and CSI (𝒽𝑛 ),
𝑛)
it becomes easy to either decide the transmission power ( ℰ𝑡𝑥
which can be applied to
measure BER, or vice versa. In our model, bit-error probability is considered as the
decision parameter; however it can be functional even with the transmission power as
decision variable.
Consider that the transmitted power and bit-error probability are known; however
considering higher mobility in the network and hence change in topology where these
parameters can be unknown, our proposed learning approach is capable of dealing with
this scenario too. In our model we intend to derive the learning approach in such a way
that it could be applied with simple fixed coding approach as well as sophisticated
adaptive modulation and coding (AMC) mechanism. Here, it should be noted that
applying both the modulation as well as coding approach concurrently may cause (1)
and (2) estimation analytically unachievable, and therefore to have (1) and (2) as
known it becomes inevitable derive an approach on the basis of fitting the network
parameters as suggested by [29]-[31].
B. System-level Model for NCARP DPM
Despite of the AMC and associated DPM mechanisms, which estimate the active
transmission power in the network, in this paper it is considered that the power
management model (Fig. 1) can incorporate the supplementary wireless component
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into low power states that as a result can significantly minimize power exhaustion.
Typically, the card available in a power state set 𝓍 = {on, off } and can be scheduled
for sleep and awake process, also called switched on and off respectively by means of
one of the set of functions𝓎 = {s_on, s_off } .
Here, s_on presents the switched ON state, while s_off signifies the switched OFF
state. The channel with state condition 𝒽 signifies state 𝓍 of the wireless card. Here,
𝛽 𝑛 refers the highest BER probability, 𝓎 refers power control action for DPM, and the
throughput is indicated as 𝜊. With these state conditions, the power needed is derived
as
𝜌([𝒽, 𝓍], 𝛽, 𝓎, 𝜊)

[ℰ𝑜𝑛 + ℰ𝑡𝑥 (𝒽𝑛 , 𝛽 𝑛 , 𝜊𝑛 )] , 𝑖𝑓 𝓍 = 𝑜𝑛 , 𝓎 = 𝑠_𝑜𝑛
𝑖𝑓 𝓍 = 𝑜𝑓𝑓, 𝓎 = 𝑠_𝑜𝑓𝑓 (3)
= {ℰ𝑜𝑓𝑓,
ℰ𝑡𝑟,
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

In (3) ℰ𝑡𝑥 refers the transmission power in watts. On the other hand in equation (2), the
variables ℰ𝑜𝑛 and ℰ𝑜𝑓𝑓 refer the power consumed during “on” and “off” states,
respectively. On the other hand, ℰ𝑡𝑟 signifies the energy consumed during transition
period (i.e., from “on” to “off” state or vice versa). Following the suggestions in [32],
in our proposed model it is assumed that ℰtr ≥ ℰon ≥ ℰoff ≥ 0 such that there is
significantly higher penalty to perform switching in between the power states.
In [32], authors derived the power management states sequence {𝓍 n ∈ 𝕏 ∶ n =
0,1, … } in the form of a controlled Markov model having the transition
probabilities 𝓅 𝓍 (𝓍 ′ | 𝓍, 𝓎 ). Consider 𝒫 𝓍 (𝓎) be a matrix called transition probability
matrix conditioned on y in such a way that 𝒫 𝓍 (𝓎) = [𝓅 𝓍 (𝓍 ′ | 𝓍, 𝓎)]𝓍,𝓍′. No doubt,
because of the high abstraction level, there can be the probability of a nondeterministic delay in conjunction with the DPM state transition, so that

𝒫

𝑥 (s_𝑜𝑛

𝑜𝑛 𝑜𝑛
) = 𝑜𝑓𝑓 ( 1
𝜃

𝑜𝑛
𝑜𝑛
𝒫 𝑥 (s_off) = 𝑜𝑓𝑓 (1 − 𝜃
0

𝑜𝑓𝑓
0 )
1−𝜃

(4)

𝑜𝑓𝑓
𝜃 )
1

In above expression (4), the row and column signify the present (𝓍 𝑛 ) and the next
(𝓍 𝑛+1 ) state, correspondingly. The variable Θ𝜖(0,1)(𝑟𝑒𝑠𝑝. 1 − Θ) signifies the
probability of the successful power state transition. In our model to maintain simplicity
of elucidation, the power state transition (PST) is considered as deterministic(Θ = 1 );
then while, the proposed model incorporates to the case even with Θ < 1 (where Θ can
be known or unknown). Here, it should be noted that the routing protocol can ensure
non-zero throughput 𝑧, in case when 𝓍 = 𝑜𝑛 and 𝓎 = 𝑠_𝑜𝑛, else the throughput 𝜊 is
often zero.
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C. NCARP Traffic Model and Transmission Buffer Design
In our work [4], for RTD delivery the packet data was stored in a prioritized manner,
while NRT data was stored in first-in first-out (FIFO) manner. For the sake of
simplicity in this work the transmission buffer is scheduled in FIFO queue. As
depicted in Fig. 1, the transmitting source (here vehicle sensor as transmitter) injects
ℓ𝑛 packets into related memory space of the buffer (transmission buffer as indicated in
Fig. 1) in each slot 𝑛, where ℓ𝑛 possesses the distribution 𝓅ℓ (ℓ). As already stated, the
individual packet of ℒ bits and noticeably the receiving process {ℓ𝑛 ∶ 𝑛 = 0,1, … } is
considered being autonomous and equally distributed with respect to 𝑛. The receiving
data packets are stored in a buffer of fixed size. This buffer can store maximum 𝔹
packets. In fact buffer state 𝒷 ∈ 𝔹𝔹∈0,1,2,…,𝔹 evolves iteratively in the following
manner:
𝒷 0 = 𝒷𝑖𝑛𝑖𝑡

(5)

𝒷 𝑛+1 = 𝑚𝑖𝑛(𝒷 𝑛 − 𝑓 𝑛 (𝛽 𝑛 , 𝜊𝑛 ) + ℓ𝑛 , 𝔹)
Where the variable 𝒷𝑖𝑛𝑖𝑡 represents the initial buffer state, the other variable
𝑓 𝑛 (𝛽 𝑛 , 𝜊𝑛 ) ≤ 𝜊𝑛 signifies the packet goodput per time slot. Here, goodput signifies
the total data packets successfully transmitted without any drop or error occurrence. It
primarily relies on BEP (𝛽 𝑛 ∈ 𝜖) and the throughput 𝜊𝑛 ∈ {0, … , 𝑚𝑖𝑛(𝒷 𝑛 , 𝜊𝑚𝑎𝑥 )} =
Ο(𝒷 𝑛 ).
Recalling the fact that the throughput 𝜊, and the goodput 𝑓, may be non-zero value if
𝓍 = 𝑜𝑛 and the channel state condition𝓎 = 𝑠_𝑜𝑛. Considering practical conditions,
the packets reaching during the time slot 𝑛 cannot be processed for transmission until
all the pending or the unsuccessfully transmitted packets remain in the transmission
buffer. To make a simple presentation and understanding omitting the notation for the
packet goodput we write it as 𝑓 𝑛 = 𝑓 𝑛 (𝛽 𝑛 , 𝜊𝑛 ). Now, considering independent packet
losses 𝑓 𝑛 is controlled through binomial distribution function 𝓅 𝑓 ( 𝑓 𝑛 | 𝛽 𝑛 , 𝜊𝑛 ) =
𝑏𝑖𝑛(𝜊𝑛 ,1 − 𝑃𝐿𝑜𝑠𝑠 𝑛 ), where it has the expectation[𝑓 𝑛 ] = (1 − 𝑃𝐿𝑜𝑠𝑠 𝑛 )𝜊𝑛 . In this
paper, we state 𝓅 𝑓 ( 𝑓 𝑛 | 𝛽 𝑛 , 𝜊𝑛 ) to signify the goodput distribution. On the basis of
the buffer recursion as stated in equation (5), the receiving 𝓅ℓ (ℓ ), and the goodput
distribution 𝓅 𝑓 ( 𝑓 | 𝛽, 𝜊 ), the buffer states {𝒷 𝑛 ∶ 𝑛 = 0,1, … } can be derived in the
form of certain controlled Markov model having transition probabilities (7).
𝓅 𝒷 (𝒷 ′ |[𝒷, 𝒽, 𝓍], 𝛽, 𝓎, 𝜊)
∑
=

𝜊

𝓅ℓ (𝒷′ − [𝒷 − 𝑓])𝓅 𝑓 (𝑓 | 𝛽, 𝜊), 𝑖𝑓 𝒷′ < 𝔹

𝑓=0
𝜊

∞

∑
∑
𝓅ℓ (ℓ)𝓅 𝑓 (𝑓 | 𝛽, 𝜊),
{ 𝑓=0 ℓ=𝔹−[𝒷−𝑓]

𝑖𝑓 𝒷′ = 𝔹

(7)
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Referring [33], it can be found that (7) is equivalent to the probability of the buffer
state transition, except the fact that authors [33] hypothesized that good put (𝑓) is
equivalent to the throughput (𝜊).
Considering the inevitable need of timely data delivery in V2V communication
system, reducing queuing time can be significant. With this motivation, in this paper a
factor called buffer cost has been incorporated that functions to reward the system so
as to reduce queuing delay. Interestingly, it also protects the transmission model
against packet overflows which could arise due to abrupt rise in the transmission delay.
Such situation may emerge frequently in V2V communication using mobile-WSN
(i.e., NCARP protocol). In fact, changing topology, higher fading environment and
traffic burst are the predominant reason for packet overflow. The parameter buffer cost
is defined as the anticipated sum of the overall buffer cost or the holding cost (HC) and
the overflow cost (OC) in conjunction with the packet receiving and good put
distribution. Mathematically,
ℊ([𝒷, 𝓍], 𝛽, 𝓎, 𝜊)
=∑

∞
ℓ=0

∑

𝜊

[𝒷 − 𝑓]
𝓅ℓ (ℓ)𝓅 𝑓 (𝑓 | 𝛽, 𝜊) { ⏟

𝑓=0

+⏟
𝜂𝑚𝑎𝑥([𝒷 − 𝑓] + ℓ − 𝔹, 0)}

ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡

(8)

𝑜𝑣𝑒𝑟𝑓𝑙𝑜𝑤 𝑐𝑜𝑠𝑡

As stated in above equation (8), HC signifies the total data packets present in the
buffer initially, which could not be transmitted. HC can also be stated as the analogous
to the buffer cost. In case of stable buffer where there is no any probability of buffer
overflows, the HC can be considered as proportional to the queuing delay [34]. On the
contrary, in case of unstable buffer where there is the probability of overflow, the OC
applies a penalty factor (𝜂) for individually dropped packet. In fact 𝜂 comes into
existence after formulating optimization problem, and hence the deviation of 𝜂 is given
in the next section.
D. NCARP Power Management Problem Definition
1) Constrained HMM decision process
This section primarily discusses the problem formulation for the NCARP [4] DPM
as a constrained MDP Markov decision process (MDP). In our model, at first a joint
state model is derived for the NCARP system as a vector comprising buffer state
information, power management state information, link information etc. In addition, a
vector named joint action vector is derived that comprises bit-error probability, power
management action𝑦, and the throughput 𝜊. mathematically,
𝒶 ≜ (𝛽, 𝓎, 𝜊 ) ∈ 𝔸 .
Here, the state sequences {s n ∶ n = 0,1, … } is formulated as a controlled MDP
possessing probability of state transition estimated by means of the conditionally
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independent parameters such as CSI, buffer availability or state, and PM state
transitions. Mathematically:
𝓅(𝑠 ′ |𝑠, 𝒶) = 𝓅 𝒷 (𝒷 ′ ∥ [𝒷, 𝒽, 𝓍], 𝛽, 𝓎, 𝜊)𝓅 𝒽 (𝒽′ |𝒽)𝓅 𝓍 (𝓍 ′ |𝓍, 𝓎).

(9)

The prime goal of the enhanced reinforcement learning for DNSL is to reduce the
inestimable power cost to ensure transmission within a defined delay.
Unlike time average criterion, in this work we have considered a discounted criterion.
Consider φ ∶ 𝕊 ↦ 𝔸 be a stationary policy model signifying actions like 𝒶 = φ(s ),
and let Ψ be the overall feasible stationary policies. Now, initiating from a state 𝑠 and
following policy 𝜑 ∈ Ψ, the expected discounted power cost (DPC) 𝒫̅ 𝜑 (𝑠) and
̅ 𝜑 (𝑠)can be derived mathematically as
associated delay (DD) 𝒟
𝑛
𝑛
𝑛
0
𝒫̅ 𝜑 (𝑠) = ℰ[∑∞
𝑛=0(𝜁) 𝜌(𝑠 , 𝜑(𝑠 )) |𝑠 = 𝑠], and

̅ 𝜑 (𝑠) = ℇ [∑
𝒟

∞

(10)
(11)

(𝜁)𝑛 ℊ(𝑠 𝑛 , 𝜑(𝑠 𝑛 )) |𝑠 0 = 𝑠]

𝑛=0

In these estimations, the expectation is considered over { 𝑠 𝑛 ∶ 𝑛 = 0,1, … } , and
𝜁 ∈ [0,1]signifies the discount factor, and the parameter 𝜁 𝑛 refers the discount factor
for 𝑛 th time slot. In fact, the proposed DNSL DPM model intends to
̅ 𝜑 (𝑠) ≤ 𝛿, ∀𝑠 ∈ 𝕊 ,
Minimize 𝒫̅ 𝜑 (𝑠) 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 to 𝒟

(12)

where δ refers the discounted buffer cost constraint.
Here, it should be noted that though δ often remains a constraint for (11), in this work
we would represent it in terms of “delay or HC constraint”. An inevitable criterion for
the possible solution of (12) is that there must be at least one transmission action ο ∈
𝕆 which is higher as compared to the expected packet arrival rate. In other words,
there should be a ο > ∑∞
ℓ=0 pℓ (ℓ) ∙ l. It makes the discounted cost criterion more
feasible as compared to the average cost criterion. This is because of the design of the
proposed MDP model. Unlike generic approaches [33][27][28], in this paper a
multichain MDP is considered rather than unichain based MDP model. Here, it should
be noted that the reason of being multichain MDP is nothing else but the consideration
of the dynamic power management (DPM). It can be realized by applying DPM
approach that could maintain transition of the power management as ON during ON
state and OFF during OFF state, can induce two closed irreducible recurrent classes of
states.
On the contrary, for a unichain MDP model [35] only one optimality function is
sufficient to define the optimal policy under certain standard reward goal. On the
contrary, for multichain MDP policies, a single optimality function can’t be
appropriate to define the optimal power management policy. As a result, it makes
multi-chain models more complicate as compared to the unichain models. In DNSL
MDP we have considered discounted criterion as it needs a single optimality function
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which is independent of the MDP chain model. Not only the ease of implementation
but there are a number of innate rationalizations for employing discounted objectives
and associated network constraints, which reflect on costs significantly as compared to
the expected costs. At first, varying traffic in network topology and the dynamic
channel states are stationary only for certain small period; and hence it predicts of costs
which a policy would incur far in the coming instances or future are undependable
(this is due to the fact that they are based on previous experiences that doesn’t
possesses similar statistics as future possibilities and events), and therefore anticipated
future costs must be reduced or discounted while making decisions in individual time
slot. In addition, it is vital to enhance the time average cost, however due to the
unknown lifetime of the application (i.e., real time communication between vehicles,
or video calling or conferences among vehicles in V2V communication scenario)
where the prior information is unknown, in our model it is assumed that the application
might end with the likelihood of (1 − 𝜁) in any time slot (i.e., in any state, with
probability (1 − 𝜁), MDP would switch to a zero cost power exhaustion state).
Now, as the key optimization objectives and associated constraints are already
discussed above, it is easy to estimate penalty per-packet penalty 𝜂 (due to overflow)
in the NCARP buffer cost function (8). It should be noted that the value of the penalty
η should be sufficiently large so as to ensure optimal packet drop while transmitting
packets (in NCARP) simultaneously with low energy and switching OFF the DPM
component in the network model. To enable suboptimal packets dropping, it becomes
inevitable to introduce penalization for each dropped packet by minimal cost that could
admit it into the buffer for further transmission using NCARP [4]. The highest cost that
a packet can acquire once entering into the transmission buffer is almost the infinite
HC that would be incurred in case the packets are hold for long time or forever. As, in
V2V communication, a data packet reaching at n0 doesn’t introduce or takes any
significant HC till n0 + 1, the IHHC factor can be estimated as follows:
∞

𝜂 = ∑ (𝜁)|𝑛−𝑛0 =
𝑛=𝑛0 +1

𝜁
,
1−𝜁

(13)

where 𝛾 signifies the discount factor as stated in (10) and (11).
2) Lagrangian approach
The constrained optimization as stated in (12) can be reframed as an unimpeded MDP
by employing a relaxation model called Lagrange multiplier in conjunction with the
delay factor. Here, Lagrangian cost function defined as:
𝒸 μ (s, 𝒶) = ρ(s, 𝒶) + μℊ(s, 𝒶),

(14)

where μ ≥ 0 refers the Lagrange multiplier, the other parameter ρ(s, 𝒶) states the
power cost as formulated in (3). The parameter ℊ(s, a) presents the buffer cost as
introduced in (8).
Referring literature [36], it can be found that solving controlled MDP is similar as to
solve the unconstrained MDP which signifies the Lagrangian duality problem. In our
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research, we derived the optimal value of the constrained MDP problem can be
estimated using (15)
𝜑 ∗ ,𝜇 ∗

ℒ𝛿

(𝑠) = min max 𝒱 𝜑,𝜇 (𝑠) − 𝜇𝛿 = max min 𝑉 𝜑,𝜇 (𝑠) − 𝜇𝛿 ,
𝜑∈Ψ 𝜇≥0

𝜇≥0 𝜑∈Ψ

(15)

where
𝒱 𝜑,𝜇 (𝑠) = ℰ [∑

∞

(𝜁)𝑛 𝑐 𝜇 (𝑠 𝑛 , 𝜑(𝑠 𝑛 ))|𝑠 0 = 0],

𝑛=0

(16)

and a policy 𝜑 ∗ can be optimal for MDP only and only when
𝜑 ∗ ,𝜇∗
𝐿𝛿 (𝑠)

= max 𝒱
𝜇≥0

𝜑 ∗ ,𝜇 (𝑠)

(17)

− 𝜇𝛿.

With fixed Lagrangian parameter 𝜇, the reduction in the function (15) equivalent to the
solution of the dynamic programming function (18):
𝒱 ∗,𝜇 (𝑠) = min {𝑐 𝜇 (𝑠, 𝒶) + 𝜁 ∑
𝒶∈𝔸

where 𝑉

∗,𝜇

𝓅(𝑠′ | 𝑠, 𝒶) 𝑉 ∗,𝜇 (𝑠′)}, ∀𝑠 ∈ 𝕊

𝑠′∈𝕊

: 𝕊 ⟼ ℝ refers the optimal state-value function.

(18)

In our proposed model the optimal action-value function is derived as ℚ∗,𝜇 ∶ 𝕊 ×
𝔸 ⟼ ℝ , that satisfies the following conditions:
(19)
∗,𝜇 (𝑠,

ℚ

𝒶) = 𝑐

𝜇 (𝑠,

𝒶) + 𝜁 ∑

𝓅(𝑠′|𝑠, 𝒶) 𝒱

𝑠′∈𝕊

∗,𝜇 (𝑠′),

where 𝒱 ∗,𝜇 (𝑠′) = 𝑚𝑖𝑛 ℚ∗,𝜇 (𝑠′, 𝒶).
𝒶∈𝔸
∗,𝜇 (𝑠,

In (19) the parameter ℚ
𝒶) refers the infinite HC accomplish by making optimal
action 𝒶 in state 𝑠 that is followed by the optimal policy 𝜑 ∗,𝜇 , where
𝜑 ∗,𝜇 (𝑠) = 𝑎𝑟𝑔 min ℚ∗,𝜇 (𝑠, 𝒶), ∀𝑠 ∈ 𝕊.

(20)

𝒶∈𝔸

Considering a case where the cost and TPF parameters are known as well as fixed, the
functions in functions (18), (19), and (20) can be estimated analytically by means of
the value iteration scheme [37]. Hereafter, in this paper to simplify presentation the
Lagrange multiplier term is dropped unless needed; therefore variables would be
presented as c(s, 𝒶) , 𝒱 ∗ (s ), ℚ∗ (s, 𝒶) , φ∗ (s) rather c μ (s, 𝒶), 𝒱 ∗,μ (s ), ℚ∗,μ (s, 𝒶), and
φ∗μ (s), correspondingly. A brief of the DPM learning policy is presented in the next
section. Fig. 2 states the inter-relationship between the dynamic network state and
policies or the actions at timen, the network state at time (n + 1) network transition
probability and associated cost functions, and the state-value function.
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Fig. 2. Visualization of the MDP
3) Optimal DPM Learning Model
In general, with mobile-WSN based NCARP routing protocol for V2V
communication, and associated power management model the key factors; the cost and
the transition probability functions (TPFs) used to be unknown and dynamic. This as a
result makes the estimation of the parameters 𝒱 ∗ and 𝜑 ∗ infeasible by means of value
iteration; rather these parameters are required to be learnt online on the basis of
evidences or past experiences. To achieve this, in this paper a model-free
reinforcement learning approach has been developed, which has been applied to
perform learning of the ℚ∗ and 𝜑 ∗ parameters online, without even calculating the
unknown cost factor and dynamism constraints such as TPFs.
To perform DPM policy parameter learning, at first a model-free reinforcement
learning scheme also known as Q-learning has been developed that calculates the
parameter ℚ∗ with an assumption that the network parameters are dynamic and
unknown a priori. However, as enhancement we have derived a model that enables
integrating even known network information (it can be retrieved from the NCARP
routing protocol and the node information collected through the proactive node table
management model). For the sake of simplicity, for simulation in this paper we have
considered cost factor and the transition functions as the input to the learning approach.
Since, NCARP routing protocol developed for V2V communication [4] estimates
various network condition parameters such as packet velocity, buffer occupancy and
remaining buffer capacity, dynamic link quality etc, with these key (known)
parameters the run-time performance of the Q-learning can be enhanced significantly.
Similarly, these known network statistics can make proposed learning approach robust
enough to enable delay sensitive, energy efficient and robust DPM model for NCARP.
The following section briefs about the generic Q-learning scheme.
4) Generic Q-learningBased DPM (Q-DPM)
The fundamental functional concept of the generic Q-learning approach is simply to
update the step performed in each time-slot based on the evidence or the experience
tuple (ET) 𝜎 𝑛 = (𝑠 𝑛 , 𝑎𝑛 , 𝑐 𝑛 , 𝑠 𝑛+1 ): i.e.,

Dynamic Network State Learning Based Power Management Model for Network …
ℚ𝑛+1 (𝑠 𝑛 , 𝒶𝑛 ) ← (1 − 𝛾 𝑛 )ℚ𝑛 (𝑠 𝑛 , 𝒶𝑛 ) + 𝛾 𝑛 [𝑐 𝑛 + 𝜁 min
ℚ𝑛 (𝑠 𝑛+1 , 𝒶′)],
′
𝒶 ∈𝔸
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where the parameters 𝑠 𝑛 and 𝛾 𝑛 signify the state and exhibited action in the timeslot 𝑛 , correspondingly. The other parameter 𝑐 𝑛 signifies the allied cost with respective
expectation 𝑐 (𝑠 𝑛 , 𝒶𝑛 ) and the resulting state at 𝑛 + 1 time slot is 𝑠 𝑛+1, which is
usually distributed as per 𝓅(𝑠 𝑛+1 | 𝑠 𝑛 , 𝒶𝑛 ) and 𝒶′ signifies the greedy action during
𝑠 𝑛+1 that reduces the present measurement-value of the action-value function. In (21),
𝛾 𝑛 ∈ [ 0,1] refers a parameter called time-varying learning rate and ℚ0 (𝑠, 𝒶) is
initiated randomly for entire set(𝑠, 𝒶) ∈ 𝕊 × 𝔸.
To perform approximation of ℚ∗ , the generic Q-learning approach applies the average
of the action-value functionℚ𝑛 . In fact the stationary instantaneous cost and TPFs,
iterative (and infinitely) visit of the state-action pairs, and with the stochastic
∞
𝑛
𝑛 2
𝑛
approximation conditions 𝛾 𝑛 , ∑∞
usually
𝑛=0 𝛾 = ∞ 𝑎𝑛𝑑 ∑𝑛=0(𝛾 ) < ∞ then ℚ
∗
converges with probability 1 to ℚ as n → ∞ and therefore the DPM policy can be
derived using (20).
Applying Q-DPM, it can’t be apparent that what should be optimal action to be made
in individual state during learning. Factually, ℚ∗ can be learnt easily by means of
random search of the at hand actions in the individual state. However, random search
can’t often assure optimal run-time performance due to the occurrence of frequent
suboptimal actions. On contrary, considering greedy actions that explore the
information available in ℚn , may play vital role in assuring certain anticipated level of
performance. Unfortunately, exploring something which is already known avoids the
discovery to achieve optimal solution. Unlike major existing approaches [37], we have
applied an approach called ε-greedy action selection approach. Noticeably, the
predominant reason of the need of exploration is the assumption by Q-learning which
states that the unknown cost as well as TPFs typically depends on the action.
In fact, Q-DPM approach can be sternly stated as an inefficient learning approach
because of its functional nature that it exhibits update of the action-value function for
each pair of the state-action for all time slots and does not retrieve any known
parameter or the network information (particularly the network’s dynamics). As a
result, this approach takes long time to converge or to get the sub-optimal solution or
the DPM policy that consequently can degrade the run-time performance [38][39].
Therefore, this approach can’t be suitable for the NCARP, particularly when it is
supposed to be used for V2V communication where there can be high pace network
dynamics and delay sensitive communication.
Considering these limitations in the traditional Q-learning approach, in this paper an
enhanced post decision learning model has been developed. The proposed learning
model enables efficient (network or system) dynamic parameter learning that enables
swift network parameter learning to achieve energy efficient and delay sensitive
routing and power management for V2V communication. A brief discussion of the
proposed post decision state learning model for enhanced DPM in NCARP enables
routing protocol.
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E. Dynamic NCARP Network State Learning (DNSL) DPM
This section discusses the proposed dynamic NCARP Network State Learning (DNSL)
approach for optical dynamic power management and transmission control to enable
computationally efficient, bandwidth and energy efficient routing protocol. Unlike
above mentioned Q-Leaning based DPM (Q-DPM) learning strategy, which considers
sample average of the known parameters to approximate the (transition) state
parameters, DNSL considers the known system or network dynamics as well as
unknown states to approximate network states for DPM decision. A brief of the
proposed DNSL approach is presented as follows:
1)
Partly Known Network State Dynamics
As discussed above the generic Q-learning approach performs learning of the network
state actions while assuming that the network dynamics (especially, the cost and the
TPFs) are not known at all. V2V communication being dynamic wireless
communication environment there is dynamic network status changes and hence there
is very small or fractional knowledge available towards network’s dynamism. Table 3
depicts the classification of the network state dynamics.
TABLE I.
Deterministic



Stochastic





V2V NETWORK DYNAMICS

Known Parameter
PHY energy management state
[(4), Θ= 1 ]
Cumulative cost of power (3)
Goodput distribution (6)
Holding cost (8)

Unknown Parameter
N/A





Distribution of the
packet arrival pl (l)
Channel state
distribution 𝓅 𝒽 |(𝒽′ |𝒽)
Overflow cost (8)

Here, it should be noted that Table 3 illustrates exemplary depiction of the network
dynamic states at different conditions and their classification. For illustration, with the
known Θ in (4) with the interval (0,1), the state transition is stated as stochastic [32]; in
case Θ is unknown, then in that case the transition in the DPM state can be stated as
stochastic and unknown. Similarly, in case BER function (1) is unknown, then the
parameters such as good put distribution (6) and HC (8) can be stated as stochastic and
unknown. In case of unknown function for the power transmission (2), the power cost
parameter (3) can be stated as unknown. In this paper, the known information and
network dynamicity parameters are exploited so as to derive more effective learning
model than the generic Q-learning model.
2) Generalization of the Post-Decision NCARP State Definition
In DNSL based network state learning, at first network state is characterized (in
accordance with the NCARP routing model for V2V communication) once the known
network dynamics have taken place, but before unknown network dynamics. In a
number of literatures [37] [27] [40] DNSL has been discussed; however in this paper

Dynamic Network State Learning Based Power Management Model for Network …

407

this concept has been generalized so that it could be applied with the targeted problem.
In our model, DNSL is presented as s̃ ∈ S. In fact, DNSL at certain time-slot 𝑛 is allied
with state parameter 𝑠 𝑛 = (𝒷 𝑛 , 𝒽𝑛 , 𝓍 𝑛 ) and action parameter 𝒶n = (βn , 𝓎n , οn ).
Thus, the DNSL at certain time n is given as
̃ n , 𝒽̃n , 𝓍̃ n ) = ([𝒷 n − f n ], 𝒽n , 𝓍 n+1 )
State at n= s̃n = (𝒷
State at n+1= sn+1 = (𝒷 n+1 , 𝒽n+1 , 𝓍 n+1 ) = ([𝒷 n − f n ] + ℓn , 𝒽n+1 , 𝓍 n+1 ).
̃ 𝑛 = 𝒷 𝑛 − 𝑓 𝑛 signifies the state of the
Here, the transmission buffer’s DNSL 𝒷
transmission buffer after packet transmission, but before the arrival of the new packets;
the DNSL of the channel remains the same equivalent to the channel state at instant 𝑛.
Similarly, DNSL DPM remains similar as DPM at state at time (n + 1). In other way
it can be stated that DNSL applies major known network information, particularly
network state transition from state sn to succeeding sn+1 state after making action 𝒶n .
Furthermore, the forthcoming state employs all unknown dynamics (i.e. the number of
packet arrivals ℓn and next CSI 𝒽n+1. It should be noted that the buffer state at
(n + 1) can be represented in the form of DNSL of the buffer at instant n
̃ n + ℓn ). Fig. 3 presents the aforementioned relationship. Fig. 3 also
(i. e. , 𝒷 n+1 = 𝒷
depicts that a number of state actions can exhibit similar DNSL.
S1=(b1, h, x)
State
time (n)

S2=(b2, h, x)

Si =(bi, h, x)
V*(s)
State-value function

a2
=

Known Dynamics
ck (s,a) , pk (~
s |s, a)

i)

Uinknown Dynamics
cu (~
s, a), pu (s’| ~s , a)

y,
z

~s =(b – f h, x’)
i
i,

State time
(n+1)

ai =
(β,

z2)

z 1)
y,

y,

,
(β 1

(β2,

a 1=
Post-decision
state (time n)

Post-Dicision State-value
function
~* (~
s)
v

V*(s’)
State-value function
s’ = (b’, h’, x’)

Fig. 3. Inter-relation among state-action pair (s1 , a1 ), … , (si , ai )at time, DNSL at
time n , and n + 1
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This as a result hypothesizes that retrieving single DNSL information can provide
information about numerous other state-action pairs causing it. Thus, it constitutes the
base of the proposed DNSL to perform efficient network state learning and
transmission switching decision.
Applying DNSL, the TPF can be categorized into two broad categories, known and
unknown components, where earlier one deals with the transition from the current state
to the DNSL state, on contrary later one signifies the transition from the DNSL state to
the next state, i.e. 𝑠̃ → 𝑠′ .Mathematically,
𝓅(𝑠 ′ | 𝑠, 𝒶) = ∑ 𝓅𝑢 (𝑠 ′ | 𝑠̃ , 𝒶)𝓅𝑘 (𝑠̃ | 𝑠, 𝒶)

(22)

𝑠̃

where, 𝑘 and 𝑢 present the known and unknown state components, correspondingly.
Similarly, the cost function can also be factorized as follows:
𝑐(𝑠, 𝒶) = 𝑐𝑘 (𝑠, 𝒶) + ∑ 𝓅𝑘 (𝑠̃ | 𝑠, 𝒶)𝑐𝑢 (𝑠̃ , 𝒶)

(23)

𝑠̃

Here, the (22) and (23) intend to minimize the factorized transition probability and
cost functions, especially when 𝑐𝑢 (𝑠̃ , 𝒶) = 0 and 𝓅𝑘 (𝑠̃ | 𝑠 𝑛 , 𝒶)comprises only 1s and
0s (say, state transition as deterministic). As a result, the approach suggested in [27]
cannot deal with packet losses (this is because a deterministic DNSL needs the good
put equivalent to the network throughput) and in addition can’t exhibit penalization of
the buffer overflows due to the reason that entire cost function (components) are
supposed to be known and the cost of the buffer flow (mainly caused due to topology
variations, congestions and burst transmission) relies on the rate of packet arrival,
which often remains unknown for mobile-WSN based V2V communication system.
In the proposed learning model the unknown components reply on the DNSL. In the
proposed network learning model, the known and unknown TPFs are derived as
follows:
̃ | 𝛽 , 𝜊) ℐ (𝒽̃ = 𝒽) and
𝓅𝑘 (𝑠̃ |𝑠, 𝒶) = 𝓅 𝑥 (𝓍̃ | 𝓍, 𝓎)𝓅 𝑓 (𝒷 − 𝒷
̃ ) ℐ(𝓍 ′ = 𝓍̃)
𝓅𝑢 (𝑠 ′ | 𝑠̃ ) = 𝓅 𝒽 (𝒽′ |𝒽̃) 𝓅ℓ (𝒷 ′ − 𝒷

(24)
(25)

where ℐ (∙) signifies an indicator function that takes value 1 in case of true
argument, otherwise 0. The following mathematical expressions present the known
(26) and unknown cost functions (27).
𝑐𝑘 (𝑠, 𝒶) = 𝜌([𝒽,
𝓍], 𝛽, 𝓎, 𝜊) + 𝜇 ∑
⏟
𝑃𝑜𝑤𝑒𝑟 𝑐𝑜𝑠𝑡

𝑐𝑢 (𝑆̃) = μη ∑

∞

𝜊

(26)
𝓅 𝑓 (𝑓 | 𝛽, 𝜊) [𝒷
⏟ − 𝑓] , 𝑎𝑛𝑑

𝑓=0

ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡

(27)
𝓅

𝑙=0

ℓ (ℓ)

̃ + ℓ + 𝔹, 0)
max(𝒷
⏟
𝑜𝑣𝑒𝑟𝑓𝑙𝑜𝑤 𝑐𝑜𝑠𝑡
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In the proposed DNSL DPM model, the value function functions the same role as
the action-value function exhibits in the generic Q-DPM. Thus, the optimal DNSL
value function 𝒱̃ ∗ can be derived as a function of the state-value function and viceversa. Mathematically,
𝒱̃ ∗ (𝑠̃ ) = 𝐶𝑢 (𝑆̃) + 𝜁 ∑𝑠′ 𝓅𝑢 (𝑠 ′ | 𝑠̃ ) 𝒱 ∗ (𝑠 ′ ) ,

(28)
(29)

𝒱 ∗ (𝑠) = min {𝑐𝑘 (𝑠, 𝒶) + ∑ 𝓅𝑘 (𝑠̃ |𝑠, 𝒶)𝒱̃ ∗ (𝑠̃ ) }
𝒶∈𝔸

𝑆̃

Thus, with the optimal DNSL value function, the optimal DPM can be derived as
∗ (𝑠)
𝜑𝑃𝐷𝑆
= min {𝑐𝑘 (𝑠, 𝒶) + ∑ 𝑝𝑘 (𝑠̃ |𝑠, 𝒶)𝒱̃ ∗ (𝑠̃ ) }
𝒶∈𝔸

𝑆̃

(30)

A brief of the DNSL learning algorithm is presented as follows:
3) DNSL Learning based optimal DPM policy for NCARP
In contrast to the Q-DPM model that performs approximation of ℚ∗ by averaging
sample average of the action-value function, DNSL DPM employs the sample average
of the DNSL value function for approximating𝒱̃ ∗ . Noticeably, as 𝒱 is estimated
straightly from the DNSL value function 𝒱̃ by means of the known network dynamics
and (29). DNSL learning model requires learning the unknown network dynamics so
as to learn and achieve optimal value function 𝑉 ∗ and the optimal policy φ∗ . The
overall process of the DNSL learning approach is presented below. Here, it can be
found that the DNSL approach converges to the optimal DNSL value function 𝒱̃ ∗,𝜇 (𝑠̃ )
estimation even under dynamic network condition, especially when the learning rates
∞
𝑛
𝑛 2
𝛼 𝑛 fulfills the conditions, ∑∞
𝑛=0 𝛾 = ∞ 𝑎𝑛𝑑 ∑𝑛=0(𝛾 ) < ∞.
Step-1 Initialization: Initialize the DNSL state value function 𝒱̃ 0 at 𝑛 = 0
Step-2 Initiate Greedy Action: At timeniinitiate greedy action 𝒶n =
arg min{ck (s n , 𝒶) + ∑S̃ 𝓅k (s̃ |s n , 𝒶)𝒱̃ n (s̃) }
𝒶∈𝔸

Step-3 Retrieve Network (mobile-WSN based NCARP) experiences of events and
DNSL𝜎̃ 𝑛 = (𝑠 𝑛 , 𝒶𝑛 , 𝑠̃ 𝑛 , 𝑐𝑢𝑛 , 𝑠 𝑛+1 ).
Step-4 Estimate the network state function: Estimate state value 𝑠 𝑛+1 :
𝒱 𝑛 (𝑠 𝑛+1 ) = min {𝑐𝑘 (𝑠 𝑛+1 , 𝒶) + ∑ 𝓅𝑘 (𝑠̃ |𝑠 𝑛+1 , 𝒶)𝒱̃ 𝑛 (𝑠̃ ) }
𝒶∈𝔸

𝑆̃
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Step-5 Update DNSL value: Applying above retrieved information (Step 3 and Step-4)
update the DNSL value
𝒱̃ 𝑛+1 (𝑆̃ 𝑛 ) ← (1 − 𝛾 𝑛 )𝒱̃ 𝑛 (𝑆̃ 𝑛 ) + 𝛾 𝑛 [𝑐𝑢𝑛 + 𝜁𝒱 𝑛 (𝑠 𝑛+1 )]
Step-6 Update decision parameters using Lagrange multiplier: Perform Langrange
multiplier 𝜇 using equation (34).
Step-7 Perform Iterations: Iterate the functions and update time index (𝑛 ← 𝑛 + 1)
and goes to Step-2.
Considering the realistic V2V communication using NCARP where delay sensitive
and energy efficient transmission is must, we have employed a stochastic sub-gradient
learning model to estimate optimal values of the Langrange multiple μ in (14).
Mathematically.
𝜇 𝑛+1 = 𝜆[𝜇 𝑛 + 𝛼 𝑛 (ℊ𝑛 − (1 − 𝜁)𝛿)],

(34)

where λ assigns μ onto [0, μmax ], αn refers a time-varying learning rate with the
similar characteristics as γn , ℊn refers the transmission buffer cost having anticipation
ℊ(sn , 𝒶n ), and (1 − ζ)δ factor converts the discounted delay constraint δ into an
average delay constraint. To assure early convergence of the function (34) to 𝜇 ∗ , a
supplementary condition is required to be fulfilled by 𝛼 𝑛 and 𝛾 𝑛 :
∞
𝑛

∑(𝛾 + 𝛼
𝑛=0

𝑛)

𝛼𝑛
< ∞ 𝑎𝑛𝑑 𝑙𝑖𝑚 𝑛 → 0.
𝑛→∞ 𝛾

(35)

Though, the conceptual convergence of the DNSL learning paradigm needs certain
fixed Markovian conditions, it becomes feasible to perform tracking of the dynamic
Markovian condition dynamics by employing alteration to the learning rates
γn sequences (to be used for updating DNSL value function) and αn (to update
Lagrange multiplier). Particularly, maintaining γn and αn bounded away from zero can
significantly avoid previous evidences or the experience from profoundly biasing the
DNSL value function and the value of Langrangian relaxation factor or Lagrange
multiplier. This as a result can permit towards tracking the network dynamism. This
approach, in combination with our proposed DNSL learning can converge in stationary
Markovian conditions swiftly. This as a result can significantly enable early network
dynamism assessment and policy execution for power management which is vital for
NCARP routing protocol for V2V communication system.
Considering overall developed model and respective assessment, it can be found
that there can be different approaches with which our proposed DNSL network
learning approach can use significant network information more effectively as
compared to the Q-learning. Our proposed DNSL learning paradigm exploit partial but
significant information about NCARP based V2V communication system. The
learning of the partial (i.e., less) information enables swift decision process while
ensuring minimal information learning. It is fulfilling major quick decision process and
network security. Applying the known network status using NCARP (ck (s n , 𝒶) and
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𝓅k (s̃n | s n , 𝒶 ) ) in (31) and (32) DNSL exhibits better learning to make PDM and
transmission decisions. In addition, the exceedingly network condition variations
because of V2V communication using mobile-WSN the unknown network dynamics
(cu (s̃n ) and 𝓅u (s n+1 + s̃ n )) don’t rely on the executive action, and therefore there is
no requirement for randomized search to identify the optimal action in the individual
network state so as to enhance NCARP for efficient performance. In other words, it
signifies that the current or the latest measurement of the value function can be
explored and thus non-greedy execution or actions are not needed to be investigated.
V. RESULTS AND DISCUSSION
In continuation to our previous work [4], in this research wok a robust probabilistic
state learning based dynamic power management model (DPM) was developed to
enable energy efficient routing scheme. In our previous routing protocol named cross
layered network condition aware routing protocol for mobile WSN (NCARP) [4] was
developed in which different network statistics such as dynamic node table
management, buffer availability, adaptive link quality etc were applied to perform best
forwarding decision so as to enable optimal throughput and QoS for time critical real
time event data (say, real time data) transmission. In [4], we intended to enable energy
efficient PHY swathing model so as to ensure dynamic multi-rate link adaptation (to
optimise bandwidth occupancy or utilization), which as a result could enable optimal
bandwidth utilization; however we could not address the issue of DPM under varying
topological conditions and associated network parameters (due to mobile WSN).
Considering this as motivation, in this paper a novel dynamic power management
model has been developed using MATLAB based simulation. In the proposed DNSL
DPM model, we hypothesized that PHY of the protocol stack (IEEE 802.15.4) is
capable to adopt quadrature amplitude modulation (QAM) constellation, where gray
code could be applied to map the information bits in QAM symbols. The proposed
NCARP power management model has been examined with different power switching
values. Since, for mobile-WSN based V2V communication undergoes dynamic
topological changes, in our model we have assumed network statistics as unknown.
Significant network parameters such as channel transmission probability, packet
receiving rate (PRR), etc are assumed to be unknown (say unknown as priori), which
firmly affirms relation with real time scenarios. We considered the discount factor
(γ = 0.98) near unit value γ ≅ 1 that signifies swift convergence, making DPM
decision fast which is suitable and anticipated for V2V communication. In the
simulation, received signal strength indicator (RSSI) or signal to noise ratio (SNR) is
P0 Tx

obtained using expression N

, where P 0 Tx refers the transmission power for time slot

0W

n, the noise PDS is given by N0 , and W signifies spectrum bandwidth. Considering
application specific scenarios, in this work it is assumed that the spectrum bandwidth
1
is equivalent to T , where Ts refers the symbol period.
s
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The following table (Table II) represents the simulation parameters definition.
TABLE II.

SIMULATION PARAMETERS DEFINITION.

Parameter
Average Packet arrival rate
Bits per symbol (BPS)
Size of the Buffer
Channel State

Simulation Value
200 packet/sec
[1,2,3,…,10]
25 data packets
[-18.8, -13.8, -11.2, -9.3, -7.8, -6.3, -4.7, -2.1]

Discount factor
Holding cost constraints
Noise PSD
Power at OFF status
Power at ON status
Packet Size
NCARP Power Management
Actions
NCARP Power Management
(i.e., DPM) status
Symbol Rate
Time slot
Dynamic Traffic (Tx)
variation

0.98
4 packets
2 × 10−11 watts/Hz.
0 Watts
80/160.320 watts
5000 bits
PON , POFF ,
ON, OFF
5.0 × 105 symbols/sec.
10 ms.
Variable traffic load considering V2V
dynamic network topology (0,1,2,3,…,10)
packets/sec.

The prime objective of this research work was to enhance dynamic power
management (DPM) for NCARP routing protocol which is supposed to work for V2V
communication system under dynamic or uncertain topology scenarios. To achieve
these objectives, in this paper we developed enhanced network learning approach and
predictive (learning) models to enable swift power management decision (PHY power
switching). This as a result not only results in efficient power management for
NCARP protocol, but also enhances the bandwidth occupancy (or spectrum
utilization). Bandwidth utilization being dominating QoS constraints of the routing
protocol has been examined for different learning approaches, and respective
effectiveness are discussed as follows:
Before discussing results obtained, at first it is needed to know that Q-DPM applies the
sample average of the action value functions so as to perform approximation of the 𝑄 ∗
parameter, while NCARP-PDS intends to perform network learning based on the
sample average value of the PDS state functions such as bandwidth availability, BER,
etc. This makes NCARP PDS to enable dynamic state learning and respective DPM
scheduling (by approximating𝑉̃ ∗ ) for optimal performance achievement for mobile-
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WSN based V2V type communication. Here, one more novelty of the proposed
network state learning approach is that it is capable of performing learning and
scheduling with known network state as well as unknown network state variables. This
makes the proposed NCARP DPM routing protocol optimal for mobile WSN based
V2V communication, where almost all energy and QoS constraints are achieved
optimally.
To evaluate the performance of the proposed routing protocol, another reference DPM
learning model (here we say Q-DPM learning) called Q-Learning is developed and
simulated individually. Considering QoS requirement of any routing protocol, where
efficient and optimal bandwidth utilization is of paramount significance, we have
examined both the existing Q learning based DPM (here we say Q-DPM) as well as
proposed dynamic network state learning (DNSL) algorithm. Unlike Q-DPM, DNSL
considers known network states as well as unknown network states to perform learning
and prediction so as to enable optimal adaptive multi-rate transmission. The simulation
outcome of the Q-DPM and DNSL based PHY transmission model and resulting
buffer occupancy (i.e., bandwidth occupancy) is depicted in Fig. 4 and Fig. 5
respectively. Observing these results, it can be easily visualised that the proposed
DNSL DPM based PHY swathing control and transmission enables higher buffer
occupancy or bandwidth utilization than the Q-DPM based approach. It signifies that
the proposed DNSL based DPM can be of great significance for NCARP type routing
protocol, where optimal utilization of bandwidth is must to ensure QoS delivery for
RTD as well as NRT data transmission.

Fig. 4. Bandwidth Occupancy or utilization using Q-DPM leaning
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Observing above results (Fig. 4 and Fig. 5), it can be easily visualized that the
proposed DNSL DPM model exhibits lower average computation cost than the QDPM approach. It signifies that for a system with time critical function and minimal
computational overhead requirement can adopt proposed learning scheme. In results
(Fig. 6 to Fig. 10), the X-axis is in log-scale so as to make presentational easily visible
that how performance parameter or learning varies as per time. Fig. 6 presents the
cumulative average of the power utilization over time slot (n). To make results easily
perceptible, the X-axis (i.e., time slot (n)) of the following results is taken in log-scale.
Observing the results, it can be easily visualised that the proposed DNSL based DPM
model consumes relatively lower power consumption to transmit data than the
traditional Q-learning based DPM approach. Here, the effective of enhanced learning
with the known as well as unknown parameters and their respective significances can
be easily visualized.

Fig. 5. Bandwidth Occupancy or utilization using DNSL-DPM leaning
Being burst mode or dynamic transmission approach, there used to be probability of
overflow due to varying payloads that as a result introduces overflow. On the other
hand, being mobile WSN based routing model NCARP may undergo the situation
when there can be higher payloads at certain node and thus due to inefficient and
power switching there can be significantly higher overflow. As depicted in Fig. 6, it
can be found that being a traditional learning approach based on known parameters, QLearning (which performs approximation of the state variables based on known
network information and therefore is not suitable for unknown network conditions),
our proposed DNSL based DPM model perform better power switching control that
makes data transmission more efficient. Its impact can also be visualised in Fig. 5,
where due to optimal learning and transmission control, higher bandwidth utilization

Dynamic Network State Learning Based Power Management Model for Network …

415

has been achieved. One more interesting outcomes can be observed that traditional QLearning based DPM suffers due to inability or less effectiveness to estimate best
action and that as a result reduce buffer occupancy or optimal resource utilization. This
is because it needs exploring actions and usually updates one state-action pair in
individual time slot and hence lower resource utilization ability.

Fig. 6. Cumulative average power by Q-DPM and DNSL approaches

Fig. 7. Cumulative average packet overflow by Q-DPM and DNSL approaches
Being a time critical communication system, minimizing queuing delay is of utmost
significance, and therefore in this paper a factor called buffer cost was introduced.
Buffer cost as analogous to the holding cost (Fig.8) intends to reduce queuing time and
avoids abrupt increase in transmission delay because of dynamic topology of NCARP
in V2C communication scenario, or due to burst channel condition. In addition, the
proposed DNSL DPM model introduces a factor called holding cost that signifies the
number of data packets present in the buffer at the start of the time slot (n), but could
not be transmitted, and therefore are required to be hold in the buffer so as to transmit
in future to avoid QoS degradation or data losses. In our model, in case of stable buffer
condition (without overflow presence), the holding cost is stated to be in proportion to
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the queuing delay. On the contrary, in case of overflow or unstable buffer condition,
our approaches introduced a penalty for each dropped data packet. The results obtained
reveal that the holding cost which can be stated as an analogous to the buffer cost, is
lower in case of the proposed DNSL based routing scheme. On the contrary, Q-DPM
based approach incurs higher holding cost and hence undergoes lower bandwidth
utilization and delay as revealed in Fig. 4.

Fig. 8. Cumulative average holding cost required by Q-DPM and DNSL approaches
Fig. 9 presents the overall cumulative buffer cost. Here, it can be easily visualised that
DNSL based DPM performs better than the Q-learning based DPM model for dynamic
network condition, particularly when there is high network transition probability and
network parameter variations.

Fig. 9. Overall cost incurred in DPM process by Q-DPM and DNSL approaches
Fig. 10 presents the cumulative average time slots incurred in off-states. It indicates
minimum energy exhaustion, and hence enabling our proposed system energy
efficient. The linear scale presentation of the off state performance by the proposed
scheme is presented in Fig. 11, where it can be easily visualized that the proposed
DNSL based DPM model avoid unwanted active states and hence reduces energy
exhaustion.
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Fig. 10 Cumulative average power-delay offset by Q-DPM and DNSL approaches

Fig. 11 Cumulative average Power-delay offset by Q-DPM and DNSL approaches
(linear-scale presentation)
Thus, observing above results, it can be found that the proposed DNSL model with
enhanced predictive learning strengthens routing scheme process to exhibits energy
efficient, time and bandwidth efficient for a novel DPM solution, which can be
significant for mobile-WSN based NCARP [4] routing protocol for V2V
communication.
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VI. CONCLUSION
To enable low cost inter-vehicular or V2V communication, mobility based WSN can
be vital, and in addition enriching it with network condition aware routing protocol
(NCARP) can make entire process reliable and efficient. However, to ensure efficient
routing enabling optimal bandwidth utilization and energy efficiency remain most
anticipated performance requirements. With this motivation, a robust dynamic network
state learning (DNSL) DPM model was developed that stochastically learns the known
(buffer states, signal to noise ratio, and bit error rate, etc) as well as unknown network
parameters to make optimal dynamic power management (DPM) decision. It intends to
optimize power consumption and transmission scheduling in such way that it ensures
maximum possible bandwidth utilization, minimum buffer cost and delay to meet
major QoS demands. The ability of DNSL-DPM to learn network statics strengthens it
to make better transmission decision that eventually helps in exploiting maximum
resources with minimal energy consumption, buffer cost and overflow caused due to
burst transmission in V2V communication system. The use of Hidden Markov Model
(HMM) and Langrangian relaxation based learning strengthens DNSL to achieve
higher performance than generic Q-Learning based DPM. In future, other predictive or
stochastic learning approaches can be explored to have relative performance evaluation
with the proposed DNSL based DPM model for the network of higher dynamism and
network statistics variations.
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