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ABSTRACT
Reliable and energy-efficient wireless data transmission is of great importance to the
success of future Internet of Things (IoT). In this thesis, we analyze and minimize the
energy consumption of wireless data transmissions from an individual transmission perspective. In particular, we investigate three fundamental transmission scenarios, namely
point-to-point transmission, data collection from wirelessly-powered sensor, and cooperative relaying transmission with wireless power transfer.
For point-to-point transmission, we analyze and optimize ideal continuous rate adaptation and continuous power adaptation transmission schemes, where the closed-form expressions for all optimal parameters are derived. These results establish an energy consumption
lower limit for wireless data transmissions over fading channels. In the case of data collection from wirelessly-powered sensor scenario, we derive closed-form expressions for
optimal transmission parameters for ideal rate adaptive transmission with linear energy
harvesting setting. Under more practical assumptions of finite block-length transmission
with nonlinear energy harvesting, we propose a deep reinforcement learning (DRL) based
approach to arrive at a deep policy network for determining the near-optimal transmission
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parameters in real time. An online tuning method is also proposed to adjust the policy
network using online experience to cater for model inaccuracy and environment variation.
Finally, for the case of cooperative relaying transmission with wireless power transfer, under ideal rate adaptive transmission with piecewise linear energy harvesting, we derive the
closed-form expressions for all optimal transmission parameters. Then, the optimal design
problem is again generalized to the finite block-length transmission with nonlinear energy
harvesting setting, where we again apply the DRL-based method to train and tune a deep
policy network for determining the near-optimal transmission parameters in real time. For
all cases, we illustrate various design tradeoffs through selected numerical examples. Besides improving the energy efficiency of wireless transmissions for future IoT applications,
our proposed DRL-based method can serve as a general solution for real-time optimal design problems in wireless communications.
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Chapter 1
Introduction
1.1

Background and motivation

Internet of Things (IoT) can effectively extend the connectivity of Internet to numerous
terminal devices, e.g. various sensors, cell phones, RF tags, etc, and enable future smart
world. It is expected to revolutionize the world similar to what the Internet itself did [1]
at the beginning of this century. As such, IoT has attracted a lot of attention from both
academia and industry over the past decade. More specifically, through facilitating the interconnection of numerous devices anywhere and anytime, IoT will enable many important
emerging applications, e.g. smart transportation, automatic industry, intelligent agriculture,
smart city and so on, as shown in Fig. 1.1. However, there are still many issues needed to
be addressed, such as low energy efficiency, massive random access, privacy and security
concerns, interference-free connectivity [2], etc. The total number of connected IoT devices may be up to 100 billion by 2030 [3] and so, total energy consumption of IoT devices
will explosively grow. This will lead to much more carbon emissions into the atmosphere
and constitute a very big challenge for the goal of energy saving. Note that the amount
of carbon dioxide (CO2) emissions from the communication networks may already exceed
345 million tons in 2020 and it is still increasing rapidly [4], which will further accelerate
the global warming. Accordingly, a novel green technology is more and more desirable
for suppressing the emission of greenhouse gases. Meanwhile, there is a pressing need to
utilize the resource more efficiently and reduce the energy consumption for the operation
of all connected devices to achieve green IoT.
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Figure 1.1: The diagram of IoT applications.
There are three key technologies for the implementation of green IoT [3], i.e. green
RFID tags, green sensor network, and green Internet. The energy consumption of RFID
and sensor networks is mainly from data collection and transmission and hence, improving
the energy efficiency of wireless transmissions is extremely valuable. The data transmission
sessions for different IoT applications usually have dramatically different quality of service
(QoS) requirements. For mission critical IoT applications, high reliability and low latency
are essential. For example, with factory automation applications, packet loss rate and latency are demanded to be lower than 10−9 and less than 1 ms, respectively. Meanwhile,
IoT system involves a large amount of wireless devices with strictly constrained energy
supply. These devices, usually powered by nonchargeable and nonreplaceable batteries,
are expected to operate for many years. However, most existing transmission technologies
were mainly designed for mobile broadband (MBB) services, which are very different from
IoT services [5]. The diverse requirements for IoT applications, e.g. high reliability, low
latency, good sustainability and high energy efficiency, etc, are still very hard to be satisfied. Accordingly, novel transmission technologies need to be investigated for effectively
and efficiently supporting advanced IoT applications.

3

1.2

Conventional approaches for energy efficient transmission

In the past, researchers already performed much work to enhance the energy efficiency
of wireless transmissions [6-27]. Generally, proposed techniques mainly include crosslayer design, power adaptation, resource allocation, adaptive modulation scheme, adaptive
switching strategy, relay based transmission, and so on.
Cross-layer design
Wireless transmission systems have conventionally been designed independent of upper
layers, including link layer, network layer, transport layer, and application layer. Through
performing optimal joint design across these layers, the overall system performance may
be considerably enhanced. The work of [6–8] investigated the energy-efficient transmission schemes on the basis of cross-layer design. The work of [6] presented a comprehensive overview of recent advances in cross-layer design for green wireless communications,
where link-level transmission schemes and network/mac layer resource management strategies were discussed in detail. To achieve low energy consumption in ad hoc wireless networks, The work of [7] investigated the requirements of cross-layer design across the link,
medium access, network and application layers. The interactions across different protocol
layers were discussed as well. The work of [8] considered a potential 5G spectrum-sharing
transmission system, where a modified energy per good bit (MEPG) metric was proposed
and minimized by cross-layer optimization for two scenarios. In addition, the optimal
scheme of associated resource allocation was obtained accordingly.
Transmit power adaptation
Transmit power directly affects the quality of received signal in wireless transmissions.
So, power adaptation is a promising method to effectively ameliorate the transmission performance. The work of [9–12] investigated the energy-efficient wireless transmissions by
utilizing transmit power adaptation. The work of [9] investigated energy-efficient design
in multi-cell scenarios with inter-cell interference, where transmit power was optimized
to boost energy efficiency and refine the trade-off of energy efficiency and spectral efficiency (SE). The work of [10] considered a multi-cell massive multiple-input–multipleoutput (MIMO) system, where transmit power adaptation was utilized to minimize the
energy consumption of a base station. The work of [11] considered a point-to-point trans-
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mission, where energy efficiency was maximized by adapting both overall transmit power
and its allocation. The work of [12] investigated energy efficient power adaptation in spectrum sharing cognitive radio systems, where the secondary users first obtained channel state
information through sensing and then initiated data transmission with two power levels.
Resource allocation
Note that available resources, e.g. transmit power, available channel bandwidth, etc, are
strictly constrained in realistic wireless transmissions, and they usually need to be allocated
to multiple users in many systems. Hence, proper resource allocation strategies are critical
to realize good performance. Resource allocation schemes were optimized to improve the
energy efficiency of wireless transmissions in [13–18]. The work of [13] investigated the
energy-efficient OFDMA system with consideration of circuit power consumption within
frequency-selective fading channels, where the overall energy efficiency was maximized
by optimizing transmit power allocation among subcarriers. The work of [14] considered a network with two users, where the power was optimally allocated to maximize the
energy efficiency of each user in a distributed way. The work of [15] investigated the
energy-efficient resource allocation, based on physical-layer network coding, in OFDM
bidirectional transmission, where overall transmit power consumption, with constrained
throughput, was minimized by jointly optimizing subcarriers and power allocation. The
work of [16] investigated an energy-efficient UAV-enabled communication network, where
user communication scheduling, UAV trajectory, transmit power and bandwidth allocation
were jointly optimized to maximize energy efficiency with constrained QoS. The work
of [17] considered a cooperative relaying system with non-orthogonal multiple access,
where the global energy efficiency was maximized by optimizing power allocation. The
work of [18] proposed an energy-efficient power allocation for a multicarrier link, over a
frequency-selective fading channel, with a delay outage probability constraint, where the
energy efficiency of system was maximized accordingly.
Adaptive modulation and switching strategy
Since the wireless channels are generally time-varying, the transmission strategy also should
be time-varying. As such, utilizing an adaptive transmission strategy can lead to much
better transmission performance. Adaptive modulation schemes and switching strategies
were utilized to realize highly energy-efficient wireless transmissions [19–23]. The work
of [19] investigated the energy-efficient design for general OFDMA system under flat fad-
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ing channels, where the energy efficiency of uplink transmission was enhanced by employing adaptive modulation. The work of [20] investigated the alamouti diversity based
MIMO system, where optimal modulation and transmission strategies were investigated to
minimize the energy consumption of transmission. The work of [21] pointed out that with
MIMO system, switching off some radio frequency (RF) amplifier units at night can save
energy significantly while maintaining QoS of active users. The work of [22] utilized adaptive switching between MIMO mode and SIMO mode to save energy at mobile terminals.
The work of [23] utilized adaptive switching strategy among different MIMO modes in the
transmission, where it showed a better energy efficiency than non-adaptive systems.
Relay selection
With poor channel quality or long transmission distance, it is difficult for direct transmission to guarantee desirable performance. Hence, relay transmission was introduced into
the wireless transmissions to enhance reliability, energy efficiency, and effective data rate.
In terms of system with multiple relays, selecting proper relays, for forwarding data, is
very critical to achieve good performance. Relay selection was utilized to improve the
energy efficiency in transmissions in [24–27]. The work in [24] and [25] investigated the
effect of relay selection schemes on the overall energy efficiency of transmission system,
where they showed that more relay nodes could not lead to a higher energy efficiency. The
work of [26] considered the wireless transmission with cooperative hybrid automatic retransmission request, where the total consumed energy was reduced by utilizing an optimal
relay selection scheme. The work of [27] considered a discrete modulation based nonregenerative multi-relay system, where energy efficiency, subject to data rate constraint, was
effectively improved by employing relay selection and resource allocation.

1.3

Session-specific transmission design

IoT applications usually entail massive connectivity and sporadic short transmission sessions [111]. Most existing works characterize the energy efficiency of wireless transmission
in terms of average transmission rate with respect to energy utilization [29]. Specifically,
achieved data rate per unit power consumption, with unit of bits/s/Watt or equivalently
bits/Joule, is a widely used energy efficiency metric [30]. The work of [31] calculated
the average energy consumption for each transmitted bit with consideration of possible
retransmission. For fading channels, the average energy efficiency is evaluated with the
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application of channel ergodic capacity [32, 33]. Such average energy efficiency characterization, however, is not sufficient for IoT applications that typically involve sporadic short
transmission sessions. Also note that the energy consumption of each IoT transmission
session varies dramatically with prevailing fading channel condition. Recently, a dataoriented approach was proposed for wireless transmission system analysis and design to
best satisfy stringent QoS requirement of future IoT applications [34]. The basic idea is to
design transmission schemes from an individual transmission session perspective instead of
targeting average channel quality. A statistical energy efficiency characterization, namely
energy outage rate (EOR), was developed to capture the randomly varying nature of fading
wireless channels. The work of [35] analyzed the energy consumption of individual data
transmission session, where big data transmission with practical adaptive modulation and
coding was investigated. However, the results are not applicable to small data sporadic
transmission in IoT. Moreover, the energy efficiency optimization and the effect of latency
constraint were not investigated there.
In general, the achievable energy efficiency of wireless transmission is limited by the
QoS requirement. The effect of QoS requirement on average energy efficiency was previously studied using the concept of effective capacity [32, 33]. However, the data to be
transmitted over different sessions may have considerably different QoS requirements. The
transmission strategy that is optimal in the average sense may not be the best choice for an
individual data transmission session [34]. Furthermore, the average-based characterization
can only take into account the statistical QoS requirement, using the concept of effective
capacity. For example, the work in [35–39] investigated the average energy efficiency over
fading channels under statistical QoS constraint for different transmission scenarios. It is
of great interest to study the effect of instantaneous QoS requirement on the energy consumption of an individual data transmission session.
Advanced IoT applications usually have very strict QoS constraints and hence, the energy consumption for them is very high. Accordingly, the investigation on the reduction
of energy consumption for wireless transmissions is extremely important. Typically, such
energy consumption minimization subject to QoS constraint can be formulated as an optimization problem. Since most optimization problems are very complicated in IoT, closedform solutions can not be derived in most cases. Usually, iterative algorithms are employed
to handle these complicated problems, under which some time has to be consumed for iterative calculation during each optimization. Note that IoT applications typically involve
sporadic short transmission sessions with strict latency constraints, where the channel condition dramatically varies from one channel coherence time to another. So, the solutions
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obtained from iterative algorithms may be based on outdated channel knowledge, and corresponding time consumption may violate the constraints of latency. Combining the above
descriptions, conventional iterative algorithms are not suitable for IoT applications. As
such, more advanced optimization algorithms need to be developed to effectively support
the machine-type communications with high energy efficiency and diverse QoS requirements.

1.4

Finite block-length transmission

Note that as compared to Shannon capacity, in terms of small data transmissions, finite
block-length formula is a more accurate accessible upper bound for real channel coding
rate [40]. As such, researchers performed some work on the investigation of finite blocklength transmission, e.g. [40–43]. The work of [40] derived the finite block-length expression to approximate the upper bound of achievable channel coding rate under given
block-length and error probability. The work of [41] investigated the validity of Shannon’s separation theorem within finite block-length regime, where joint source-channel
coding scheme was shown to have better performance than separate coding scheme. The
work of [42] proposed a self-adaptive ordered statistics decoder (S-OSD) scheme for finite block-length nonbinary raptor code (NBRC), where some strategies were proposed to
minimize the complexity of decoding. The work of [43] investigated the interference constrained performance of spectrum sharing networks using adaptive power allocation, where
finite block-Length analysis was performed to show the effect of codeword length on the
spectrum sharing networks.

1.5

Machine learning techniques for wireless communications

Machine learning (ML) is usually used to train a model for approximating a complex mapping relationship, which can’t be represented by an exact mathematical expression. It has
already shown very excellent performance for handling some tasks, such as regression,
classification, and the learning of action policy, etc. Recently, a lot of ML based methods were applied in wireless communications for addressing some very complicated design
problems, e.g. [44-78]. In general, they can be roughly divided into four categories, namely
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supervised/unsupervised learning, reinforcement learning (RL), DRL, and federated learning (FL).

1.5.1

Supervised/unsupervised learning

Supervised learning is a ML technique to train a model that maps the input to the output
based on training data with deterministic labels. Unsupervised learning is another ML technique to train a mapping model from unlabelled or partial labelled training data. Supervised
learning and unsupervised learning were used to handle the complex problems of wireless
transmissions [44-53]. The work of [44] considered a realistic noncoherent wireless body
area network (WBAN) model, where transmissions and receptions were performed without
any channel knowledge due to the fast-varying channels in the human body. Here, a supervised learning approach was proposed to overcome the noncoherent issue for detecting
received data symbol. The work of [45] considered an adaptive MIMO-OFDM system,
where a supervised learning framework was proposed to predict the best modulation order
and coding rate for increasing the accuracy of link adaptation. The work of [46] considered
a MIMO system with low-resolution analog-to-digital converters (ADCs), where a supervised learning aided successive-interference-cancellation (SIC) method was proposed to
reduce the training overhead as well as detection complexity. The work of [47] proposed
an unsupervised learning method to fully utilize the decision factors with different types
for optimal network selection in heterogeneous wireless networks. The work of [48] considered a reconfigurable intelligent surface (RIS) assisted system, where a unsupervised
learning approach was proposed to reduce the complexity of passive beamforming design.
The work of [49] considered the massive access problem with both machine-to-machine
and human-to-human traffic, where a novel machine learning scheme was proposed to
achieve better control for machine-to-machine traffic under the interference of human-tohuman traffic. The work of [50] presented an overview of the solutions toward ameliorating
random access network (RAN) congestion, where potential advantages and challenges for
emerging ML techniques were discussed. The work of [51] considered the coordinated
multiple point (CoMP) transmission within a ultra-dense small cell network (SCN), where
a supervised learning method was proposed to create data model from input data, for reducing feedback load, to estimate optimal step size in iterative calculation. The work of [52]
proposed a big data and supervised learning enabled wireless channel estimation framework, where channel statistical properties could be estimated based on carrier frequency
and the coordinates of transmitter and receiver. The work of [53] considered the orthogo-
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nal frequency division multiplexing (OFDM) based wireless communication system, where
sparse learning algorithms were proposed to eliminate the impulsive noise. However, both
supervised learning and unsupervised learning can not be used for addressing optimization
issues.

1.5.2

Reinforcement learning

Figure 1.2: The interaction between agent and environment within the reinforcement learning.
RL is a very popular ML technique to train an optimal action policy within discrete state
space and action space. In particular, as shown in Fig. 1.2, during each iteration, an intelligent agent can update the action policy through maximizing the expected value function,
for its current action, obtained from the environment. After a certain amount of training
iterations, the agent usually can obtain a good action policy. The expected value function
is calculated by Bellman equation, shown as follows
Vπ (s, a) = E[rt+1 + γVπ (st+1 , at+1 )|st = s, at = a].

(1.1)
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Here, Vπ (.) denotes the expected value function under the action policy π, γ denotes the
discounting factor, rt+1 denotes the instantaneous reward at time instant t + 1, s j and a j
denote the state and action at time instant j ( j = t, t + 1). The work in [54-59] applied RL
method to improve the performance of wireless transmissions. The work of [54] considered
the packetized sensor communications, where a RL based strategy was proposed to choose
the optimal modulation level and transmit power for maximizing the throughput per unit
energy consumption. The work of [55] considered a cellular internet of UAVs, where RL
was applied to solve key problems on trajectory control and resource management. The
work of [56] considered a mobility-aware mobile edge computing (MEC) network, where
a RL approach was proposed to design the optimal joint scheme for task offloading and
migration. The work of [57] proposed an improved sarsa RL algorithm to improve the
model’s convergence property and learning efficiency, which will significantly improve the
efficiency for the design of artificial intelligent communication networks. The work of [58]
considered the wireless sensor networks, where a multi-agent RL based algorithm was
proposed to achieve intelligent anti-jamming communication. The work of [59] considered
a multi-agent communication system over noisy channels, where a RL based framework
was proposed to achieve better coordination and cooperation for all agents. Although RL
showed very good performance for some complicated problems, it can not be applicable
for continuous action space and state space.

1.5.3

Deep reinforcement learning

DRL can be used to train an optimal action policy within a continuous state space, which
is implemented by combining deep learning and RL. Particularly, a deep neural network is
employed to approximate the Q value function through deep Q learning, and the optimal
action can be determined through comparing the Q values of discrete actions. Meanwhile,
for implementing RL within the high-dimensional or continuous action space, policy gradient method was proposed to directly learn the parameterized policy function, e.g. ActorCritic [60], where the agent’s policy can be optimized by performing gradient ascent on
the parameters of deep neural network. Note that deep Q learning and Actor-Critic were
further combined in the algorithm of deep deterministic policy gradient (DDPG) [61] for
extending DRL to continuous action space, where a deep Q network is set as the critic agent
and another deep network is set as the actor agent. Worthy of mentioning is that the actor
model, trained from DRL based method, will not involve any iterative calculation within
the process of online optimization, which is very suitable for IoT applications under strict
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latency constraints. However, as mentioned above, the energy consumption and QoS constraint of transmission session varies from one session to another in IoT. Optimal strategy
for future expected reward, obtained from conventional DRL, is not necessarily the best
option for a specific transmission session.
Recently, DRL based method was widely applied into wireless communications for
improving the performance of systems over a period of time, such as [58-69]. The work
of [62] considered the self-organizing UAV networks, where a DRL based method was
proposed to construct the backhaul framework for enhancing the backhaul rate with limited information exchange. The work of [63] considered the cooperative transmissions in
the wireless sensor networks (WSNs), where a DRL based relay selection scheme was proposed to improve the performance of system on outage probability, system capacity, and
energy consumption. The work of [64] considered the wireless networks with massive access requests from a hugh number of devices, where a DRL based distributed algorithm was
proposed to meet both reliability and latency constraints on ultra-reliable low latency communications (URLLC) services within the massive access scenario. The work of [65] considered an intelligent reflecting surface (IRS) aided wireless secure communication system,
where a DRL based secure beamforming approach was proposed to dynamically achieve
the optimal beamforming policy for improving the secrecy rate. The work of [66] considered a MIMO full duplex (FD) system, where a hybrid DRL based method was proposed to
jointly clusters the MIMO antennas between energy harvesting and information transmission. Also, optimal precoding matrix could be found in real time for both transmitter and
receiver. On the basis of DRL, The work of [67] proposed a non-cooperative and real-time
approach to achieve energy-efficient power allocation under the QoS constraints of D2D
communication. The work of [68] investigated the problem of dynamic spectrum sensing
and aggregation in a wireless network with N correlated channels, where a DRL based algorithm was used to maximize the number of successful transmissions without interrupting
the primary users (PUs). The work of [69] proposed a novel energy management strategy,
based on the DRL, for the sensors in IoT with renewable energy supply. As compared
to other state-of-the-art algorithms, this algorithm showed better performance in terms of
long-term average net bit rate. The work of [70] considered a UAV assisted wireless sensor
network, where the algorithm of deep deterministic policy gradient (DDPG) was used to
train the UAV to understand the environment and provide effective scheduling to accomplish its data collection mission. The work of [71] considered the data collection in mobile
crowd sensing, where various unmanned mobile terminals (MTs) are equipped with different sensors that aid to collect data. A DDPG based algorithm was proposed to maximize
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the total amount of collected data with the limited energy reserve, in which geographical
fairness among all point-of-interests (PoIs) was also guaranteed. The work of [72] considered the next generation radio access networks (RANs) with intelligent controllers, where
an DRL based user access control scheme was proposed to maximize the longterm throughput and avoid frequent handovers. The work of [73] considered the relay transmissions in
WSNs, where a DRL based relay selection scheme was proposed to achieve low energy
consumption and outage probability.

1.5.4

Federated learning

FL is a ML technique to train a model across multiple decentralized edge devices with
local data samples, in which all devices only need to exchange their local models rather
than local data. As such, this method can effectively protect the privacy of all devices. The
work of [74-78] applied the technique of FL into wireless transmissions for enhancing the
privacy protection during the process of learning. The work of [74] considered a reconfigurable intelligent surface (RIS) assisted mmWave communication system, where a FL
based privacy-preserving design paradigm was proposed to optimize the RIS’ configuration
matrix for maximizing the throughput. The work of [75] proposed a FL based framework to
harness wireless channel perturbations and interference for improving privacy, bandwidthefficiency, and scalability within the process of model training. The work of [76] investigated the problem of energy efficient transmission and computation resource allocation for
federated learning over wireless communication networks, where overall energy consumption was minimized under a latency constraint through optimizing the resource allocation.
The work of [77] considered the FL process over a realistic wireless network, where FL
loss function was minimized by jointly optimizing learning parameters, wireless resource
allocation, and user selection. The work of [78] considered the cooperative perception
within the vehicular communication network, where a federated RL approach was proposed to maximize vehicles’ satisfaction in terms of the received sensory information as
well as speed up the overall training process.

1.5.5

Research Gap

Conventional DRL only targets at the maximization of future expected reward. Note that
IoT applications typically involve sporadic short transmission sessions, where QoS requirement and channel condition may dramatically vary from one transmission session to another. As such, expected reward is not sufficient for accurately evaluating the performance
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of data transmissions in IoT. On the other hand, conventional DRL is mainly based on
online learning, where all learning experience is collected from real operation. This is
computationally intensive and highly complex for wireless communication systems. Accordingly, there is a pressing need to investigate some novel learning methods to perform
real-time optimal design for data transmissions in advanced IoT.

1.6

Contributions and thesis outline

Figure 1.3: The configuration for our proposed DRL-based approach.
In this thesis, we analyze and minimize the energy consumption of wireless transmissions
from an individual transmission perspective for three fundamental transmission scenarios,
namely point-to-point transmission, data collection from wirelessly-powered sensor and
cooperative relaying transmission with wireless power transfer. In particular, under ideal
rate adaptive transmission and/or linear energy harvesting, we derive the closed-form expressions for all optimal transmission parameters with a latency constraint in terms of all
scenarios. These results establish the lower bound of energy consumption for wireless
transmissions over fading channels. Under practical finite block-length transmission with
nonlinear energy harvesting, we propose a model-based DRL solution to arrive at a deep
policy network for determining near-optimal transmission parameters in real time for sensor data collection and cooperative relaying transmission. In addition, online experience
is also used for further adjusting the well-trained offline policy network to cater for model
inaccuracy and environment variation. The configuration of our proposed DRL solution is
shown as Fig. 1.3. Note that our DRL-based approach does not involve any online iterative
calculation and can be generalized to any complicated problem. As such, we provide a
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general solution for effectively handling the optimal design problems in wireless communications. The remaining parts of this thesis are organized as follows.
In chapter 2, we investigate the optimal design of a point-to-point transmission system from a session specific perspective, where a continuous rate adaptation scheme and
a continuous power adaptation scheme are both discussed. The closed-form expressions
of optimal transmission parameters, with and without latency constraint, are derived. By
calculating the resulting energy outage rate, we establish a statistical energy efficient limit
for point-to-point transmissions over fading channels.
In chapter 3, we investigate the optimal design of a sensor data collection system from a
session-specific perspective. Specifically, the agent firstly charges the sensor and then collects data from it. With consideration of ideal rate adaptive transmission with linear energy
harvesting, we derive the closed-form expressions for all optimal transmission parameters.
With consideration of finite block-length transmission with nonlinear energy harvesting,
we propose a DRL-based approach to train a deep policy network for determining nearoptimal transmission parameters in real time for the online operation of the agent. Meanwhile, we also propose an online tuning method to adjust the well-trained policy network
for better adapting to the variation of environment. Through comparing with the results
from exhaustive search, we verify the validity of our analysis and proposed approaches.
In chapter 4, we investigate the optimal design of a cooperative relaying transmission
system with wireless power transfer. With consideration of ideal rate adaptive transmission with piecewise linear energy harvesting, for time switching mode and power splitting
mode at the relay, we minimize the energy consumption of the system when transmitting
a fixed amount of data. Closed-form expressions for all optimal transmission parameters
are derived with and without latency constraint. With consideration of finite block-length
transmission with nonlinear energy harvesting, we again apply the DRL-based approach
from chapter 3 to train and adjust a deep policy network for determining near-optimal
transmission parameters in real time.
In chapter 5, we conclude the whole thesis and present the future research direction.
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Chapter 2
Green Point-to-Point Wireless
Transmission over Fading Channels
Future IoT applications demand highly energy-efficient wireless transmission solutions. In
this chapter, we characterize the energy efficiency of point to point wireless transmissions
over fading channels from an individual transmission perspective. Specifically, we apply
a statistical energy efficiency metric to analyze and optimize ideal continuous rate adaptation (CRA) and continuous power adaptation (CPA) transmission schemes. The resulting
statistical characterization establishes an energy efficiency performance limit for data transmissions over fading channels, and facilitates a direct tradeoff analysis between maximal
achievable energy efficiency and instantaneous latency requirement.

2.1

Introduction

The minimum energy consumption of wireless point-to-point transmission is typically a
constant value for Gaussian noise channels [80, 81], but become random in fading environment. To develop a more thorough energy efficiency characterization for wireless
transmission particularly targeting IoT applications, the minimum energy consumption, for
reliably transmitting a given amount of data over fading channels, needs to be investigated.
Therefore, we follow a statistical approach and analyze the probability that the energy
consumption for delivering a given amount of data exceeds a certain threshold level. The
resulting energy efficiency metric, termed as energy outage rate (EOR), was first introduced
in [34], where a data-oriented approach for wireless transmission system design was proposed. However, little analytical results were reported in [34] due to its magazine paper
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nature.
Here, we analyze the EOR performance of two ideal adaptive transmission strategies,
namely CRA and CPA, to establish statistical energy efficiency performance limit for fading environment. With CRA, the transmission rate is adaptively selected according to the
channel condition while fixing the transmit power, whereas with CPA, the transmit power
is varying to support a target transmission rate, subject to a peak transmit power constraint [82]. For the CRA scheme, we determine the optimal transmit power in terms of
minimizing the energy consumption and study the resulting EOR performance with and
without a latency constraint, which allow us to directly analyze the effect of instantaneous
latency constraint on achievable energy efficiency. Additionally, we qualitatively demonstrate that the CPA scheme achieves better energy efficiency performance at the cost of
larger data transmission latency. To the best knowledge of me, the only other previous
work that characterized energy efficiency statistically is [35], where the energy consumption for big data transmission with practical adaptive transmission scheme was analyzed.
However, the results are not applicable to small data sporadic transmission in IoT. Moreover, the statistical energy efficiency optimization and the effect of latency constraint were
not investigated there.

2.2

Problem formulation

We consider a generic data transmission session over a point-to-point flat fading channel.
We assume that the amount of data to be transmitted, denoted by H, is small and slow
fading is introduced in the channel, in which data transmission can be completed within
one channel coherence time. Note that the transmitter can be either a data center or a
sensor. The received signal during data transmission is given by
y(t) = h · s(t) + n(t),

(2.1)

where h is the complex channel gain, s(t) is the transmitted signal, and n(t) is the additive
white Gaussian noise signal, with noise spectral density N0 . Therefore, the instantaneous
received SNR is equal to Pt g/N0 B, where Pt is the transmit power, B is the channel bandwidth, and g = |h|2 is the instantaneous channel power gain.
Due to the randomly varying nature of fading wireless channels, the energy consumption for successfully transmitting H bits of information, denoted by Ec (H), varies with
the channel realization. To analyze the energy efficiency of an individual data transmis-
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sion session, we adopt the statistical metric EOR [34], which is mathematically defined
as EOR = Pr[Ec (H) > Eth ], where Eth denotes an energy consumption threshold. In the
following sections, we will analyze and optimize the EOR of two ideal adaptive transmission schemes, namely CRA and CPA. We assume that the transmitter has the knowledge
of channel power gain g to perform the rate and power adaptation. This can be achieved
through either feedback or exploring channel reciprocity in time-division duplexing (TDD)
mode.

2.3

Continuous rate adaptation

With ideal CRA transmission, the transmitter adapts the transmission rate with the channel
condition while using a fixed transmit power Pt [82]. We assume that with proper modulation and coding schemes, achieved rate can follow a similar trend as Shannon capacity.
Accoridngly, applying the Shannon capacity formula, the maximum instantaneous data rate
for reliable transmission is equal to C(g) = B · log2 (1 + Pt g/N0 B). As such, the minimum
time duration to finish data transmission is determined as H/C(g).1 Denoting the circuit
power of the transmitter by Pc , we can calculate the energy consumption with CRA as the
product of the total power and the minimum transmission time, given by
Ec (H) = (Pt + Pc )

H
,
B · log2 (1 + Pt g/N0 B)

(2.2)

which varies with the instantaneous channel power gain g. It follows that the EOR of data
transmission with CRA can be calculated as
EORCRA = Pr[Ec (H) ≥ Eth ] = Fg (

N0 B (PtE+PcB)H
(2 th − 1)),
Pt

(2.3)

where Fg (·) denotes the CDF of channel power gain g. For the Rayleigh fading scenario,
we arrived at the following closed-form expression for EOR
EORCRA = 1 − exp(−

+Pc )H
N0 B (PtBE
(2 th − 1)),
Pt ḡ

(2.4)

where ḡ is the average channel power gain.
1 Note

that the achievable rate may be smaller than C(g) due to finite data amount [84]. In this work, we
apply the Shannon capacity formula to establish energy efficiency performance limits.
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2.3.1

Transmit power optimization

We can minimize the energy consumption of CRA transmission by optimally setting the
transmit power.
Theorem 1. The transmit power Pt that minimizes the energy consumption for transmitting
a fixed amount of data with CRA is given by
Pt ∗ (g) =

Pc − N0 B/g
g
W0 [ N0 Be (Pc − N0 B/g)]

− N0 B/g,

(2.5)

where W0 [·] is the principal branch of Lambert W function [85]. Also note that the effect of
latency constraint on the optimal power level will be discussed in section 2.3.2.
Proof. It is straightforward to verify that the second derivative of (2.2) with respect of Pt
is positive for Pt ≥ 0, and as such, (2.2) is a strictly convex function of Pt . Taking the
derivative of (2.2) with respect to Pt and setting the result to zero, the optimal Pt value
should satisfy
g
P∗ g
P∗ g
(Pt∗ + Pc )
= (1 + t ) ln(1 + t ).
(2.6)
N0 B
N0 B
N0 B
After some manipulation and applying the definition of Lambert W function, we obtain the
optimal transmit power given in (2.5).
Fig. 2.1 presents the behavior of optimal transmit power versus instantaneous channel
power gain for different circuit power consumption levels. We can observe that the optimal
transmit power decreases as channel power gain increases and/or circuit power consumption decreases. It can be verified from (2.5) that when Pc or g becomes very large, the
optimal transmit power Pt ∗ approaches 0.
After substituting (2.5) into (2.2) and some manipulations, the energy consumption with
CRA while using optimal transmit power can be determined as
Ec∗ (H) =

(Pc − Ng0 B ) H Bln 2
W0 [ N0gBe (Pc − Ng0 B )]

.

(2.7)

Following the analysis in the Appendix, the EOR of CRA with optimal transmit power is
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Figure 2.2: Energy outage rate of CRA with constant and optimal transmit power over slow
Rayleigh fading channels (H = 10 kB, B = 200 KHz, Pc = 15 mW, and g = -5 dB).
given by
EORCRAwPt∗ =
−HN0 ln 2
−HN0 ln 2
) − Fg (
)
Fg (
Pc H ln 2
H ln 2
EthW0 (− exp(− BEth )/e)
EthW−1 (− exp(− PcBE
)/e)
th
+ Fg (min{

(2.8)

N0 B
−HN0 ln 2
,
}),
H ln 2
Pc + BEth /(H ln 2) EthW−1 (− exp(− PcBE
)/e)
th

where W−1 [·] denotes the negative branch of Lambert W function [85].
Fig. 2.2 presents the EOR performance of CRA over slow Rayleigh fading channels
as the function of the energy threshold Eth for different transmit power settings. We can
see that higher transmit power leads to larger EOR. Typically, larger transmit power help
improve the received SNR for the same channel realization, which allows for higher transmission rate with CRA and in turn reduces the data transmission duration. The transmission time reduction is, however, in logarithm with respect to Pt . As such, the energy
consumption for the same amount of data increases with Pt , which leads to higher EOR.
From Fig. 2.2, we can also clearly see that EOR of CRA with optimal transmit power are
considerably lower than those with constant transmit power.
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2.3.2

Effect of latency constraint

The optimal transmit power value in terms of minimizing the energy consumption tends
to be small, especially when the circuit power level is low, which may lead to very low
transmission rate. In certain IoT applications, the data needs to be delivered with a hard
delay constraint, denoted by Tth . To satisfy such a latency constraint, the transmit power
H/Tth
et . The
with CRA transmission should be lower-bounded by Pt (t) ≥ (2 B − 1) Ng0 B , P
corresponding energy consumption is given by

Ec (H) =



et + Pc )Tth ,
 (P

N0 B H ln 2
g ) B
N B
g
W0 [ N Be (Pc − 0g )]
0

(Pc −




et ≥ Pt ∗ ;
P
(2.9)

et < Pt ∗ .
, P

et ≥ Pt ∗ and
The EOR under the latency constraint can be calculated by considering the P
et < Pt ∗ cases separately. In particular, when P
et ≥ Pt ∗ , which can be shown to be equivalent
P
H

N0 B( THB ln 2−1)
th
ln 2) + NP0cB
exp( TH
Pc
th B

N0 B(2 Tth B −1)
HEth /Tth −Pc H .

to g <
, gc , energy outage occurs when g <
et < Pt ∗ , the result of the Appendix can
Note that we assume that Eth > Pc Tth here. If P
applies.
Finally, the EOR of CRA transmission with optimal power under a latency constraint
can be shown, by considering the different value ranges of gc , to be given by
H

N0 B(2 Tth B − 1)
= Fg (min{
, gc })+
HEth /Tth − Pc H

EORCRA|Tth

−HN0 ln 2
−HN0 ln 2


) − Fg (
)
Fg (
Pc H ln 2
H ln 2

E
W
(−
exp(−
)/e)
E
W
(−
exp(− PcBE
)/e)

0
−1
th
th
BE

th
th



B
−HN0 ln 2

−Fg (gc ) + Fg (min{ Pc +BEN0/(H
,
}),

H ln 2
ln
2)

th
E
W
(−
exp(− PcBE
)/e)
th −1

th



N0 B
−HN0 ln 2
 gc ≤ min{


Pc +BEth /(H ln 2) , EthW−1 [− exp(− HPc ln 2 )/e] };

BEth




−HN
ln
2
−HN
0
0 ln 2

),
 Fg ( E W [− exp(− HPc ln 2 )/e] ) − Fg ( E W [− exp(−
HPc ln 2
)/e]
th

0

BEth

th

−1

BEth

B
−HN0 ln 2


min{ Pc +BEN0/(H

ln 2) , EthW−1 [− exp(− HPc ln 2 )/e] } < gc ≤
th

BEth




−HN
ln
2
0

;

c ln 2

EthW−1 [− exp(− HP

BEth )/e]



−HN0 ln 2


Fg (
) − Fg (gc ),
H ln 2


E
W
[−
exp(− PcBE
)/e]
th 0

th



−HN0 ln 2
−HN0 ln 2

< gc ≤
.

HPc ln 2
HPc ln 2
EthW−1 [− exp(−

BEth

)/e]

EthW0 [− exp(−

BEth

)/e]

(2.10)
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Figure 2.3: Effect of latency constraint on EOR performance of CRA with optimal transmit
power (H = 10 kB, B = 200 KHz, Pc = 15 mW and g = -5 dB).
We study the effect of latency constraint on the EOR performance of CRA in Fig. 2.3.
In particular, the EOR of CRA with optimal transmit power under different delay threshold
Tth are plotted as function of energy threshold Eth . We can see that more stringent latency
constraint leads to poorer EOR performance.
In Fig. 2.4, we compare the minimum energy consumption under average energy efficiency metric and that under session specific energy efficiency metric for a specific transmission session. Here, average energy efficiency denotes average energy consumption over
a period of time for a specific session. Session specific energy efficiency denotes instantaneous energy consumption for a specific session. Note that for the case of average energy
efficiency metric, we use average latency constraint over a period of time instead of instantaneous latency constraint. As expected, we see that session specific metric based design
can reduce the energy consumption considerably.
In Fig. 2.5, we compare the outage probability of QoS constraint under average energy
efficiency metric and that under session specific energy efficiency metric for an individual
transmission session. Here, QoS constraint denotes that instantaneous latency needs to be
less than a threshold Tth . We see that as compared to average energy efficiency metric,
session specific energy efficiency metric can arrive at a much lower outage probability for
QoS constraint. Combining Fig. 2.4 and Fig. 2.5, we can show that in terms of optimal
design for a specific transmission session, session specific metric is more suitable than
average metric.
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Figure 2.5: The comparison of the outage probability of QoS constraint for average and
session-specific design (H = 10 kB, B = 100 KHz, Tth = 20 ms, Pc = 20 mW and Pmax =
300 mW).

24

2.4

Continuous power adaptation

Rate adaptive transmission requires reconfigurable transceivers that can adjust coding and
modulation schemes with prevailing channel condition. Many IoT devices cannot afford
such complexity. Alternatively, these devices may simply adapt the transmit power with
the channel condition to support a constant transmission rate R. According to the Shannon
capacity result, the minimum received SNR required for error free transmission at rate
R is given by γc = 2R/B−1 . Under a peak transmit power constraint Pmax , the transmit
power Pt should be set to γc N0 B/g when g ≥ γc N0 B/Pmax , and 0 otherwise (i.e. truncated
channel inversion [82]). The energy consumption for transmitting data amount H with such
continuous power adaptation (CPA) strategy can be calculated as
Ec (H) = (

H
γc N0 B
+ Pc ) ,
g
R

(2.11)

when g ≥ γc N0 B/Pmax . The EOR of data transmission with CPA can be calculated as the
probability that Ec (H) is greater than the energy threshold Eth , which leads to
EORCPA = Pr[(Eth R/H − Pc )g < γc N0 B].

(2.12)

Apparently, when Eth is less than the circuit energy consumption during transmission, i.e.
Eth < HR Pc , EORCPA is equal to 1. Here, circuit energy consumption is equal to the product of circuit power and transmission duration. When Eth ≥ HR Pc , while noting that data
transmission occurs only when g ≥ γc N0 B/Pmax , the EOR of CPA can be determined as
γc N0 B
EORCPA = Pr[g <
]
Eth R/H − Pc

γc N0 B
γc N0 B

 Fg ( Eth R/H−Pc )−Fg ( Pmax ) , Eth ≤ (Pmax + Pc )H/R;
γ N0 B
1−Fg ( Pcmax
)
=

 0,
Eth > (Pmax + Pc )H/R.

(2.13)

We examine the effect of peak transmit power and circuit power on the EOR performance of CPA in Fig. 2.6. We first note that larger circuit power consumption will degrade
the EOR performance of CPA transmission, as expected by intuition. We also observe that
larger peak transmit power value results in poorer EOR performance, as the transmitter may
transmit over poor channel condition. Finally, we notice that CPA scheme achieves better
EOR performance than the CRA scheme. This somewhat counter-intuitive result (as CRA
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Figure 2.6: Energy outage rate of CPA over slow Rayleigh fading channel (H = 10 kB,
B = 200 kHz, γc = 16 dB, and g = -5 dB).
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has higher implementation complexity than CPA) can be explained from two perspectives.
First, we can see that Ec (H) for CPA is inverse proportional to the channel gain g, whereas
Ec (H) for CRA, given in (2.2), is approximately proportional to 1/ log2 (1 + g). Secondary,
the EOR performance advantage of CPA comes at the cost of occasional transmission outage. On the other hand, we can see the cut-off effect when the energy threshold increases.
Note that with CPA, transmission occurs only if g ≥ γc N0 B/Pmax due to peak transmit power
constraint. Meanwhile, energy outage occurs when g < γc N0 B/(Eth R/H − Pc ). When Eth
is large enough, γc N0 B/(Eth R/H − Pc ) will be less than γc N0 B/Pmax . In this scenario, EOR
will be equal to zero, as shown in Eq. (13).
Note that if g < γc N0 B/Pmax upon data arrival, CPA will hold data transmission for a
certain duration until the channel condition improves. It can be shown with the application
of outage duration result in [86] that the CDF of waiting duration over Rayleigh fading can
be obtained as
2τ 2
2τ 2
2τ
(2.14)
)
exp(−
),
FTw (τ) =1 − Fg (gT ) I1 (
τ
π(τ)2
π(τ)2
where I1 (·) is the modified Bessel function and τ is given by
exp(ρ 2 ) − 1
τ= √
,
2πρ fm

(2.15)

with ρ = γc N0 B/(Pmax ḡ) and fm being the maximum Doppler frequency shift. Note that this
CDF result considers the possible mobility [86]. The tradeoff between EOR performance
and waiting duration for CPA transmission was already illustrated in [83].

2.5

Conclusion

In this work, we analyzed the statistical energy efficiency, namely EOR, of wireless data
transmissions over fading channels from an individual transmission session perspective.
We focused on ideal rate and power adaptive transmission schemes and established a statistical energy efficiency limit for wireless transmissions. For CRA scheme, the optimal
transmit power in terms of maximizing energy efficiency was derived. Based on these
analytical results, the transmitter will learn how to adapt transmission parameters in real
time for minimizing the EOR of a specific transmission session. Also, we showed that
session-specific metric is more suitable for achieving green transmissions in advanced IoT.
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Chapter 3
Green Data Collection from
Wirelessly-powered Sensors
Reliable and energy-efficient data collection from resource-limited sensors is essential to
the success of future IoT. In this chapter, we study the energy consumption minimization
problem during the data collection from a generic wirelessly-powered sensor. Specifically,
we determine the optimal data collection parameters, in terms of charging duration and
charging power as well as sensor transmission rate, in real time according to the instantaneous channel condition while satisfying a certain latency constraint. For the scenario of
ideal rate adaptive transmission with linear energy harvesting, we derive closed-form expressions for optimal transmission parameters. We also establish the condition on channel
quality for successful data collection within a latency constraint. For the more practical case of finite block-length transmission with non-linear energy harvesting, we develop
a DRL solution for efficient online implementation. We also propose an online tuning
scheme to cater for model inaccuracy and environment variation. The accuracy and effectiveness of our proposed approaches are verified by comparing with benchmark schemes.
Our DRL-based approach has broad applicability and can solve other real-time optimal
design problems in wireless communications.

3.1

Introduction

Many IoT applications, e.g. smart city and intelligent manufacture, rely on reliable and
timely data collection from numerous wireless sensors [87]. These sensors are expected to
operate, often in remote and/or hard-to-reach area, for several years without human inter-
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vention. Wireless power transfer (WPT) is one of the most convenient solution to supply
energy to these sensors and power their autonomous operation [88-92]. With WPT, the
data collecting agent first transfer energy to the sensor by emitting RF signal. Then the
sensor will transmit its collected data to the agent using harvested energy. Given the large
amount of sensors in the field, it is of great interest to achieve reliable and highly energy efficient data collection from them. Note that the data-collecting agents may also be energy
constrained, as they could be powered by compact battery mounted on unmanned aerial
vehicles (UAV) [93]. In this paper, we design optimal strategy for data collection from
individual wirelessly-powered sensors to minimize the total energy consumption while satisfying a latency requirement.
Over the past several years, some novel data collection schemes/protocols were proposed to improve the energy efficiency of wireless sensor networks (WSNs), e.g. [94-100].
The work in [94] proposed an energy efficient data collection scheme based on denoising autoencoder (DCDA) for WSNs, with which lower energy consumption was achieved
as compared to conventional schemes. The work in [95] proposed an energy-aware path
construction (EAPC) scheme for mobile data sink to collect data from a preselected set of
sensors in WSNs, where network energy consumption was significantly reduced. The work
in [96] proposed a novel protocol, based on mobile fog computing, for WSNs to enhance
the energy efficiency and reliability of data collection. The work in [97, 98] optimized the
clustering strategy to suppress the energy consumption of network. The work in [99, 100]
utilized the method of adaptive data collection to suppress the energy consumption. However, although these methods above can effectively diminish the energy consumption of
WSNs, it is still very hard to collect data from numerous sensors in some remote and/or
hard-to-reach regions for ground objects, e.g. BS, moving data sink and so on. While noting that unmanned aerial vehicle (UAV) has low cost and great deployment flexibility, it is
a promising solution to wireless data collection from IoT sensors at those remote locations
mentioned above. Also, UAV can employ WPT to power the IoT sensors for transmitting
their data. As such, UAV enabled wireless data collection has attracted a lot of attentions
from both academia and industry. Most recent work on such scheme mainly focused on trajectory optimization and hover scheduling, such as [93, 101–104]. Specifically, The work
in [93] optimized the trajectory and hovering locations of multiple UAVs to efficiently
charge IoT devices through magnetic resonance-coupled power transfer. The work in [101]
considered a UAV-assisted sequential sensor charging and data collection system and formulates a trajectory planning problem to minimize the average Age of Information (AoI)
of collected data. The work in [102] solved for the optimal hovering location and duration
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and then the flying route of a rotary-wing UAV to maximize the lifetime of the wireless
sensor network. The work in [103, 104] considered the scenario that a UAV is serving
multiple IoT sensors and minimize its energy consumption by trajectory optimization and
time allocation for flying and hovering, respectively. To the best of our knowledge, there
is little work on energy consumption minimization for individual sensor charging and data
collection session.
On the other hand, IoT sensors typically transmit a small amount of data during each
data collection session. Due to the short block-length, error free transmission at ergodic
capacity may not be feasible [105]. In addition, most practical energy harvesting circuits
typically exhibit non-linear characteristics [106]. We then generalize the energy consumption minimization problem to the practical scenario of finite block-length transmission with
non-linear energy harvesting. The resulting optimization problem becomes non-convex,
which prohibits analytical solution. While iterative algorithms can be developed to gradually approach sub-optimal/optimal solutions [107, 108], such solutions are not suitable for
real-time implementation, as the algorithms may not converge even to a sub-optimal solution within the latency constraint. In this work, we develop a deep reinforcement learning
(DRL) based solution that can determine near-optimal parameter configuration in real time
during the online operation.
Machine learning technique has been applied into wireless system design [65, 66, 69,
73]. The key advantage of machine learning solutions is the capability of extracting and
exploring hidden relationship from experience data, when accurate system model is not
available [109]. For physical wireless transmissions, however, rather accurate models of
the transmission medium and transceiver structure have already been developed, whereas
the amount of real-world experience is limited. In this work, we propose a novel approach
to apply data-driven machine learning algorithms to solve real-time optimal design for
data collection from wirelessly powered sensors. Specifically, we reformulate the energy
consumption minimization problem into a one-step Markov decision process (MDP) and
train a deep policy network that determines the optimal transmission strategy for a given
system state. Considering the continuous state/action spaces for the MDP formulation,
we apply policy gradient algorithm to train the policy network offline with simulated data
collection sessions.
During the online operation, the trained policy network can quickly generate near optimal transmission parameters without any iterative calculation. Meanwhile, due to modelling inaccuracy and/or environment variation, the model used for offline training may not
accurately reflect real world operating environment. With limited online experience avail-
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able, it is impractical to develop new systems model or to adjust specific model parameters. To maintain near-optimal online operation, we propose an online tuning algorithm
for the policy network through applying model-free DRL algorithms, such as actor-critic
and DDPG [60, 61]. In particular, we introduce a critic network to approximate the energy
harvesting/data transmission model and track its variation with sample gradient calculated
using online experience. The policy network is then fine-tuned using the gradient calculated with the updated critic network. The resulting solution can overcome slight model
inaccuracy and track gradual environment variation to achieve near optimal online performance.

3.2

Ideal adaptive rate transmission with linear energy
harvesting

In this section, we mainly analyze and minimize the energy consumption of data collection
system under ideal adaptive rate transmission with linear energy harvesting.

3.2.1

System model and problem formulation

Figure 3.1: Data collection from wirelessly-powered sensor.
We consider a sensor data collection system as shown in Fig. 3.1. Particularly, a data
collection agent first transfers energy to an individual sensor wirelessly with its emitted
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RF signal for a certain duration τC . We assume a slow frequency flat fading channel between the agent and the sensor, with effective channel power gain (after considering path
loss/shadowing/fading effects and potential beamforming/combining operations) denoted
by g. Note that in terms of multi-antenna agent, analog beamforming is needed for enhancing the performance of energy harvesting and maximum ratio combining is needed for
enhancing the performance of information reception. Assuming linear energy harvesting
model, the collected energy at the sensor is given by PS gητC J, where PS is the transmitted
power of the agent and η denotes the DC energy conversion efficiency of harvesting circuit
at the sensor. Such linear model can well approximate real harvested energy when charging
power is in the linear region of practical nonlinear energy harvesting model [106].
After energy harvesting, the sensor will send its collected data of H bits to the agent
using all of its harvested energy. Let τI denote the information transmission duration. The
C
transmit power of the sensor is given by PS gητ
τI . Assuming ideal rate adaptive transmission
based on the prevailing channel condition, While noting that channel power gain is the
same for charging and data transmission, the information transmission duration τI should
satisfy
PS gητC g
),
(3.1)
H = τI B log2 (1 +
τI σ 2
where we denote the channel bandwidth and average noise power by B and σ 2 , respectively.
Here we assume that sensor charging and data transmission occur over the same frequency
band, and as such, channel reciprocity applies. While error free transmission with Shannon
capacity is very difficult to achieve in practice due to short transmission duration, we adopt
it here to establish the energy consumption lower limit for individual data collection sessions. To avoid the outdatedness of channel gain information, the total duration of sensor
charging and information transmission should be less than a channel coherence time TC ,
i.e. τC + τI ≤ TC .
Our goal is to minimize the energy consumption of the agent during the data collection at the sensor through optimal design. Neglecting the circuit power consumption of
the agent, the total energy consumption is equal to E = PS τC . The energy consumption
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minimization problem can be formulated, with the application of Eq. (3.1), as
τI σ 2
H ln 2
(exp(
) − 1),
2
g η
BτI
H ln 2
τI σ 2
) − 1) + τI ≤ TC ;
(exp(
2
PS g η
BτI

E = PS τC =

min

PS , τI

s.t.

0 < PS ≤ Pmax , 0 < τI .
Since the latency constraint is not jointly convex with respect to PS and τI , we can not
apply KKT condition to derive global optimal solution for this problem. While iterative algorithms for numerically searching optimal parameter values can be devised, they may not
be suitable for online implementation at the agent. This is because that the time consumption for iterative calculation may violate the latency constraint. In the following section,
we derive the analytical expressions of the optimal PS and τI in terms of minimizing agent
energy consumption, which can be used to calculate optimal τC .

3.2.2

Analytical solution

Noting that the optimization problem may have no feasible solution due to the latency
constraint, we first derive the condition for solution existence, from which we can analyze
the probability of data collection failure during a particular channel coherence time. After
that, we will derive the analytical expressions for optimal PS , τI , and τC . We will conclude
the section with some discussions on how these results can apply during online operation.
Condition for solution existence
We first transform the latency constraint equivalently to
(

H̃
PS g2 η TC
( − 1) + 1) exp(− ) ≥ 1,
2
σ
τI
τI

(3.2)

where we define the constant H̃ = H ln 2/B. Then, we convert the left hand side to the form
of x exp(x) by multiplying both sides with appropriate terms as
H̃ H̃
σ2
σ2
H̃
σ2
H̃ H̃
H̃σ 2
(− + (1 −
)) exp(− + (1 −
)) ≤ −
exp( (1 −
)).
τI TC
PS g2 η
τI TC
PS g2 η
PS g2 ηTC
TC
PS g2 η
(3.3)
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Note that the minimum value of x exp(x) for any real variable x is −1/e. As such, if we
2
treat − τH̃I + TH̃C (1 − P σg2 η )) as x, the right hand side of Eq. (3.3) should be greater than −1/e
S
for the latency constraint to be satisfiable, which leads to
−

H̃σ 2
H̃σ 2
H̃
exp(−
) > − exp(−1 − ).
2
2
PS g ηTC
PS g ηTC
TC

(3.4)

Applying the definition of Lambert W function [85], while noting that it has two function
values when the independent variable is negative, the above inequality can be shown to be
equivalent to
H̃σ 2
H̃
H̃σ 2
H̃
−
>
W
[−
exp(−1
−
)]
or
−
<
W
[−
exp(−1
−
)],
0
−1
PS g2 ηTC
TC
PS g2 ηTC
TC

(3.5)

where W0 [·] denotes the principle branch and W−1 [·] the negative brach of Lambert W function. After some manipulation, we arrive at the following necessary condition for the existence of feasible solution in terms of channel power gain g as
s
g>
s
g<

−H̃σ 2
PS ηTCW0 [− exp(−1 − H̃/TC )]
−H̃σ 2
PS ηTCW−1 [− exp(−1 − H̃/TC )]

or
(3.6)
.

Under the necessary condition, the latency constraint can be rewritten, after applying
the Lambert W function to Eq. (3.3), into
−W0 [−

H̃σ 2
H̃
σ2
H̃ H̃
σ2
exp(
(1
−
))]
≤
−
(1
−
)
PS g2 ηTC
TC
PS g2 η
τI TC
PS g2 η
H̃σ 2
H̃ ln 2
σ2
≤ −W−1 [−
exp(
(1
−
))].
PS g2 ηTC
TC
PS g2 η

(3.7)

Noting that τI has to be positive, we arrive at the following sufficient condition for the
existence of feasible solution
W−1 [−

H̃σ 2
H̃
σ2
H̃
σ2
exp(
(1
−
))]
<
(1
−
).
PS g2 ηTC
TC
PS g2 η
TC
PS g2 η

(3.8)
2

Proposition 1. The sufficient condition in Eq. (3.8) is satisfied if and only if TH̃C (1− P σg2 η ) >
S
−1
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Proof. Let us consider the cases of

H̃
σ2
TC (1 − PS g2 η )

greater and less than or equal to −1

separately. Since W−1 [·] is less than −1, Eq. (3.8) always holds when

H̃
σ2
TC (1 − PS g2 η ) > −1.

σ2
H̃
TC (1 − PS g2 η ) ≤ −1, noting that W−1 (x exp(x)) = x for x < −1 by definition, we can
2
2
2
write TH̃C (1 − P σg2 η ) as W−1 [ TH̃C (1 − P σg2 η ) exp( TH̃C (1 − P σg2 η ))], which will always be less
S
S
S
2
H̃
σ2
than W−1 [− P H̃σ
exp(
(1
−
))]
as
W
[·]
is
a
monotonically
decreasing function.
−1
2
TC
PS g2 η
S g ηTC

When

This completes the proof.
The sufficient condition in Eq. (3.8) can be equivalently rewritten as
s
g>

H̃σ 2
.
PS ηTC (1 + H̃/TC )

(3.9)

Considering together with the necessary condition given in Eq. (3.6) and noting that
−W0 [− exp(−1 −

H̃
H̃
H̃
)] < 1 +
< −W−1 [− exp(−1 − )],
TC
TC
TC

we arrive at the condition for feasible solution existence as
s
−H̃σ 2
,
g>
Pmax ηTCW0 [− exp(−1 − H̃/TC )]

(3.10)

(3.11)

where the peak transmission power of the agent is used. With applicable distribution function of the channel power gain, we can evaluate the probability that the charging and data
collection cannot finished within one channel coherence time and therefore lead to data
collection failure.
Optimal solution
Assuming that the channel power gain is sufficiently large to guarantee feasible solution,
we now derive the analytical expressions of the optimal transmission parameters. We first
note that the objective function E is monotonically decreasing with τI , since its derivative
with respect to τI is always negative. As such, τI should be designed as large as possible,
while satisfying the latency constraint. Let us now consider again the equivalent latency
constraint in Eq. (3.7). In particular, we first prove the following proposition.
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Proposition 2. If

H̃
σ2
TC (1 − PS g2 η ) > −1,

W0 [−

then we have

H̃σ 2
σ2
σ2
H̃
H̃
exp(
(1
−
))]
<
(1
−
).
PS g2 ηTC
TC
PS g2 η
TC
PS g2 η

Proof. Note that based on definition, W0 (x exp(x)) = x for x > −1. We can write

(3.12)
H̃
TC (1 −

H̃
σ2
H̃
σ2
σ2
)
equivalently
as
W
[
(1
−
)
exp(
(1
−
))]. Note the independent variable
0
2
2
TC
TC
PS g η
PS g η
PS g2 η
2
2
of W0 [·], i.e. TH̃C (1 − P σg2 η ) exp( TH̃C (1 − P σg2 η )), must be greater than that of W0 [·] on the left
S
S
2
2
hand side of Eq. (3.12), i.e. − P H̃σ
exp( TH̃C (1 − P σg2 η )). The proof is completed while
2
S g ηTC
S

noting that W0 [·] is a monotonically increasing function.
Based on this proposition, we can show that the upper bound of τI while satisfying the
latency constraint is given by
1
1
H̃σ 2
σ2
σ2
H̃
ˆ
τI ≤ τI = (− W0 [−
))] + (1 −
))−1 .
exp( (1 −
2
2
2
PS g ηTC
TC
PS g η
TC
PS g η
H̃

(3.13)

It can be shown, by taking derivative of τˆI with respect of PS and checking the sign of the
result, that τˆI is an increasing function of transmit power PS . Note that since τˆI must be
greater than zero when PS ranges from 0 to Pmax , equivalent latency constraint in Eq. (3.13)
can be always satisfied. As such, we can determine the optimal parameter values to minimize the energy consumption of the agent during the sensor charging and data collection
as
PS∗ = Pmax ,

(3.14)

and

H̃σ 2
H̃
σ2
1
σ2
1
exp(
(1
−
))]
+
(1
−
))−1 .
τI∗ = (− W0 [−
Pmax g2 ηTC
TC
Pmax g2 η
TC
Pmax g2 η
H̃

(3.15)

Correspondingly, the optimal charging duration and minimum energy consumption can be
determined as
exp(H̃/τI∗ − 1)τI∗ σ 2
τC∗ =
,
(3.16)
Pmax g2 η
and
Emin =

exp(H̃/τI ∗ − 1)τI ∗ σ 2
,
g2 η

(3.17)
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respectively
Implementation consideration
With the analytical results derived in this section, the operation of the agent during remote
data collection with wireless energy transfer can be implemented as follows. First of all, the
agent will estimate channel power gain to the sensor during the current channel coherent
time. If the channel power gain is large enough to guarantee a feasible solution, the agent
will start charging the sensor with its peak power for a duration of τC ∗ given in Eq. (3.16).
The sensor will then transmit its data to the agent with all harvested energy for a duration
of τI ∗ with ideal rate adaptation. If the channel power gain is too low to guarantee a feasible solution, the agent will wait for a channel coherence time duration and re-estimate the
channel quality. This process can repeat for multiple coherence time intervals permitted
by the application scenario until the data is successfully collected. With such implementation strategy, we can achieve the highest possible energy utilization efficiency during data
collection at individual sensors.

3.2.3

Effect of circuit power consumption

In this section, we consider the effect of circuit power consumption of the agent during sensor charging and data reception. Let PC denote the circuit power consumption of the agent.
The total energy consumption becomes E = (PS + PC )τC + PC τI . The energy consumption
minimization problem is updated to

min

PS , τI

s.t.

H ln 2
PC τI σ 2
) 2 (exp(
) − 1) + PC τI ,
PS g η
BτI
τI σ 2
H ln 2
(exp(
) − 1) + τI ≤ TC ;
PS g2 η
BτI

E = (1 +

0 < PS ≤ Pmax , 0 < τI .
We first note that both total energy consumption and charging duration decrease as PS
increases. Therefore, the optimal PS should should set to its peak value Pmax . We can also
show that objective function is strictly convex with respect to τI and that the τI value that
minimizes the objecting function is given by
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τ˜I =

H̃
W0 [e−1 (PC Pmax g2 η/σ 2 /(PC + Pmax ) − 1)] + 1

.

(3.18)

From the latency constraint, we arrive at the same existence condition of feasible solution, given in Eq. (3.11). Under this condition, we can show τI is bounded by τI† ≤ τI ≤ τI∗ ,
where τI† is defined as
τI† = H̃(

σ2
σ2
H̃σ 2
H̃
H̃
(1 −
)
−W
[−
exp(
(1
−
))])−1 ,
−1
TC
Pmax g2 η
Pmax g2 ηTC
TC
Pmax g2 η

(3.19)

and τI∗ was the optimal result without considering circuit power consumption, given in Eq.
(3.15).
Finally, the optimal transmission time with the consideration of circuit power consumption, while satisfying the latency constraint, is determined as
τeI ∗ = max{τI† , min{τ˜I , τI∗ }}.

(3.20)

Corresponding optimal charging duration τeC ∗ and the resulting minimum energy consumption can be calculated accordingly.

3.2.4

Numerical results
Table 3.1: System parameters of sensor data collection.
Notation
B
η
σ2
Pmax
PC
a
b
PH

Parameter names
Values
Channel bandwidth
200 KHz
Energy conversion efficiency
0.8
Noise power
10−5 mWatt
Peak charging power
1 Watt
Circuit power consumption
10 mWatt
Non-linear energy harvesting constant 1
Non-linear energy harvesting constant 1
Peak harvesting power
1 Watt

In this section, we present some selected numerical examples to illustrate the analytical
results. Unless otherwise indicated, we use system parameter values listed in Table I. Note
that these parameters will be used in section 3.2.4 and section 3.3.
We first study the likelihood that the sensor charging and data collection can not successfully finish within the latency requirement TC due to poor channel quality. This proba-
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Figure 3.2: Probability of data collection failure under a latency constraint TC = 0.02 s.
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Figure 3.3: Optimal sensor charging and data transmission durations, TC = 0.02 s, H =
10000 bits.
bility can be obtained by evaluating the distribution function of channel power gain g at the
threshold level given in Eq. (3.11). Fig. 3.2 plots the probability of data collection failure
as a function of average channel power gain over Rician fading environment [82]. We can
see that, as expected, the failure probability decreases as the average channel quality improves. In addition, the larger the Rician factor K, the lower the failure probability, as the
wireless power transfer enjoys the channel with stronger line-of-sight component.
Fig. 3.3 presents the optimal durations for sensor charging and data transmission, calculated using the analytical results, as the functions of channel power gain g for different
circuit power levels. The corresponding results obtained from exhaustive search are also
plotted. The perfect match validates our analytical approach. We can see that when the
circuit power consumption is negligible (PC = 0 mW), the optimal duration of data transmission τI slightly increases with increasing g while the optimal charging duration τC decreases dramatically. Note that in this case, the energy consumption is only dependent on
τC . The energy consumption minimization will make τC as small as possible while ensuring the data transmission completes within a channel coherence time. The behaviour
becomes different when circuit power consumption is not negligible (PC = 10 mW), where
the duration of sensor charging and data transmission decreases when the channel condition
improves.
As an additional numerical example, Fig. 3.4 plots the minimum energy consumption as
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Figure 3.4: Minimum energy consumption under different latency constraints with and
without considering circuit power consumption, H = 10000 bits.
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a function of channel power gain g for different circuit power levels and latency constraints.
We can see that the energy consumption decreases when channel power gain g increases, as
expected. We also note that a higher circuit power level leads to higher energy consumption
even with optimized parameters. Finally, the energy consumption generally decreases as
the latency requirement TC increases. Meanwhile, when the circuit power is not negligible,
TC has limited effect on the energy consumption unless the channel quality is very poor.

3.3

Generalization with finite block-length transmission
with nonlinear energy harvesting

In this section, we consider the more practical scenario of finite block-length transmission
with nonlinear energy harvesting. Specifically, we propose a DRL-based solution to arrive at a policy network for minimizing the effective energy consumption of such generic
system. Also, well-trained policy network can be further tuned using online experience to
better cater for small model inaccuracy and environment variation.

3.3.1

Generalized formulation

The data collecting agent again transfers energy to the sensor by emitting RF signal with
power PS for a duration of τC . Here, to better match the real application scenarios, we adopt
a nonlinear energy harvesting model [106]. Such nonlinear model can well approximate
practical energy harvesting process when charging power ranges from zero to infinity. In
particular, the harvested energy at the sensor over the duration of τC is given by
EH = PH (

1 + exp(−ab)
− exp(−ab))τC ,
1 + exp(−a(PS g − b))

(3.21)

where PH is the peak harvesting power, a, and b are constants depending upon the EH
circuit. The sensor again uses all of its harvested energy for data transmission. We assume
finite block-length transmission from the sensor, as the data amount is typically small.
Note that τI will depend upon channel use number in terms of this assumed condition. If
the sensor uses n channel use, while noting that the duration of each channel use is equal
to the inverse of the channel bandwidth, i.e. 1/B [110], the duration of data transmission is
approximately equal to τI = n/B. This is different from the ideal model in section 3.2. The
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received SNR at the agent during data transmission is given by
γ=

EH g
.
n/B σ 2

(3.22)

The corresponding block error rate for transmitting H bits of sensor data is given by [105]
log (1 + γ) − H/n
ε = Q( q2
).
γ(γ+2)
log
e
2
2n(1+γ)2

(3.23)

The energy consumed, during a data collection session with the consideration of circuit
power PC , is equal to EC = PS τC + PC (τC + n/B). Due to the possible block error, the data
collection may be unsuccessful, rendering the energy wasted. To account for such situation, we introduce the concept of effective energy consumption, which is defined as the ratio
of the energy consumption of a data collection session over the probability of successful
collection, i.e. EC /(1 − ε). For each data collection session with specific instantaneous
channel realization, we optimally select the transmission parameters, including transmission power PS , charging duration τC , and the number of channel use n for sensor data transmission, to minimize effective energy consumption. To avoid the outdatedness of channel
knowledge and/or to satisfy a latency constraint, we impose the latency constraint of TC .
As such, while assuming that achieved effective data rate is less than Shannon capacity, we
arrive at the following optimization problem
min

PS , τC , n

PS τC + PC (τC + n/B)
,
1−ε

s.t. 0 < PS ≤ Pmax , 0 < τC , 0 < n,

(3.24)

0 < τC + n/B ≤ TC .
Note that the objective function is a complex function of the optimization variables, as ε
depends on n, PS , and τC either directly or through the received SNR γ. The mixed-integer
nonlinear nature of this problem make closed-form solution unfeasible, especially when
objective function is not jointly convex with respect to all continuous variables. While
an iterative algorithm can be developed to approach the optimal solution, executing the
iterative algorithm for every data collection session during online operation will consume
the valuable computing/power resource of the agent. Furthermore, the iterative algorithm
may not converge before the latency constraint expires. In what follows, we develop a deep
reinforcement learning solution to determine the near optimal transmission parameters for
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each transmission session in real time with minimal computation.

3.3.2

Deep reinforcement learning formulation

Our goal is to build an intelligent agent that can determine near-optimal transmission parameters to minimize the effective energy consumption for each data collection session.
Considering the very complex relationship between these parameters, we resort to deep
neural networks (DNN) for its universal function approximation capability and develop a
deep reinforcement learning algorithm to effectively train such network. In particular, we
reformulate the parameter optimization problem into the one-step Markov decision process
(MDP) with continuous state and action spaces. The state space S is defined by the vector
~s = [H, g, TC ]T , which may vary from one session to another. We assume that the collecting
agent obtains accurate state information through channel estimation and previous experience. The action space A is defined by the vector ~a = [PS , τC , n]T . Note that while n
is an integer, both PS and τC are continuous. Since our goal is to minimize the effective
energy consumption for current data collection session, we define the immediate reward as
its inverse, i.e.
1−ε
.
R=
(3.25)
PS τC + PC (τC + n/B)
Note that data collection sessions are independent with each other and hence, the MDP will
terminate after each state-action-reward tuple {~s, ~a, R}, which leads to a one step MDP.
We will train a DNN to approximate an optimal policy in terms of maximizing the
reward for each data collection session. Let π denote the policy network, parameterized by
θ , as shown in Fig. 3.5. With state ~s = [H, g, TC ]T given, the output action ~a = [PS , τC , n]T
from policy network is given by
(3.26)
~a = π(~s|θ ).
Considering the continuous state/action spaces, we apply policy gradient method to reach a
deterministic policy. For that purpose, we need to determine the gradient of the action policy, or equivalently the gradient for immediate reward R with respect to network parameter
θ , i.e. 5θ R(~s,~a)|~a=π(~s|θ ) . Applying the chain rule, such gradient can be calculated as
5θ R(~s,~a)|~a=π(~s|θ ) = 5~a R(~s,~a) 5θ π(~s|θ ).

(3.27)

With the energy harvesting/transmission models introduced earlier, we can analytically
calculate 5~a R(~s,~a). The gradient 5θ π(~s|θ ) can be obtained using back-propagation tech-
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Figure 3.5: Deep policy network for data collection
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nique. Then, we can update the network parameters along the gradient direction. Additionally, such policy network can be split into three small networks during training process,
where each small network corresponds to an action output and θ can denote combined
parameter set for three networks. Corresponding parameters for small networks still can
be updated along the direction of joint gradient operation for them. After training is completed, three well-trained networks can be combined into a policy network again.
Offline training
We now explain the offline training process in further details. First of all, to improve sample efficiency, we adopt off-policy learning with replay buffer [141, 142]. Specifically, we
simulate various data collection scenarios, with randomly-generated channel power gains,
typical data amounts, and latency requirements. Then we feed the state vector ~si into the
current policy network, which generates corresponding action vector ~ai . Finally, the resulting reward Ri can be calculated using the formula presented earlier. The resulting experience tuple of {~si , ~ai , Ri } is saved into a replay buffer. When the replay buffer reaches its
capacity, a randomly selected existing experience tuple will be replaced. The size of the replay buffer should be sufficiently large to guarantee experience diversity, but not extremely
large to ensure reasonably probability of selecting the recent experience tuples.
In addition, we apply mini-batch training with soft update to mitigate training divergence [142]. In particular, a mini-batch of N experience tuples will be randomly extracted
from the replay buffer and used to calculate the gradient for parameter update. The resulting
sample gradient is given by
5θ R(~s,~a)|~a=π(~s|θ ) ≈

1 N
∑ 5~aR(~s,~a)|~s=~sn, ~a=π(~sn|θ ) 5θ π(~sn|θ ).
N n=1

(3.28)

The parameters of the policy network will be updated to
θ ← θ + ξ 5θ R(~s,~a)|~a=π(~s|θ ) .

(3.29)

where ξ ∈ (0, 1) denotes the learning rate.
We introduce random exploration to reduce the probability of converging to suboptimal
solutions, which may occur in policy gradient method. Specifically, a zero mean Gaussian
random variable is added into each entry of the action vector generated by current policy
network [109]. Finally, to ensure the feasibility and validity for the output of policy network, in terms of satisfying peak power and latency constraints, we apply hard thresholds
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to corresponding actions. For example, the charging power PS during training is calculated
using the first entry of policy network output, π(~s|θ )[1], as
PS = max{0, min{π(~s|θ )[1] + vP , Pmax }},

(3.30)

where vP is a zero-mean Gaussian random variable with variance σP2 . At the end of each
training iteration, the variance σP2 is updated to β σP2 , where β is a constant slightly smaller
than 1 to ensure sufficient exploration. Similarly, the charging duration and the number of
channel use n during training is calculated as
τC = max{0, min{π(~s|θ )[2] + vτ , TC }},

(3.31)

n = bmax{1, min{π(~s|θ )[3] + vn , (TC − τC )/B}}c,

(3.32)

and

respectively. Here vτ and vn are zero-mean Gaussian random variables with στ2 and σn2 ,
respectively. Again, στ2 and σn2 will be reduced by a factor of β after each iteration.
The pseudo code of the proposed offline training algorithm is shown in Algorithm 4.
When the number of iterations T is sufficient large, the exploration variances will eventually approach zero. The policy network will converge to a deterministic policy. The most
computational intensive step of Algorithm 4 is the calculation of sample gradient, which
can be efficiently implemented using introduced models earlier and back-propagation technique. As such, the proposed offline training solution has low computational complexity.
The network may still converge to a suboptimal policy even with the random exploration.
We can solve this problem by performing several training sessions and pick the network
with the highest average reward after convergence. As shown in the numerical example
section, at most three training sessions will lead to a policy network with performance
similar to that of exhaustive search.
Online tuning
During each online data collection session, the collecting agent will observe environment
state information and feed them to the offline-trained policy network, which will output a
near-optimal action vector. Note that no iterative calculation is involved and so, the action
vector can be quickly obtained. If the energy harvesting/data transmission models used
during offline training match real-world environment perfectly, the data collection with
action vector determined by well-trained policy network will achieve minimum effective
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Algorithm 1 The pseudo code of offline training
Initialize policy network with random parameter θ .
Initialize exploration variances σP2 , στ2 and σn2 .
Set up an empty replay buffer that can hold M state-action-reward tuples.
for t ∈ [1, 2, · · · , T ] do
Generate state vector ~st .
Determine action vector ~at by feeding ~st to current policy network and apply random
exploration/thresholding to the output as Eq. (3.30), Eq. (3.31) and Eq. (3.32).
Calculate reward Rt using Eq. (3.25) together with Eq. (3.23), Eq. (3.22), and
Eq. (3.21).
Add new state-action-reward tuple {~st ,~at , Rt } to the replay buffer, and remove randomly an existing tuple if necessary.
Extract N state-action-reward tuples randomly from replay buffer and calculate sample
gradient using Eq. (3.28).
Update the policy network parameter θ as θ ← θ + ξ 5θ R(~s,~a)|~a=π(~s|θ ) .
Update exploration variances by multiplying β .
end for
energy consumption. If there exists certain modelling inaccuracy and/or environment variation over time, the offline-trained policy network needs to be further adjusted using online
experience.
With online experience, We can adjust the policy network π by again performing policy
gradient. Since the energy harvesting/data transmission models may be inaccurate, we can
on longer use them to calculate the gradient. Building new models with online experience
will be inefficient, as the number of experience is typically limited. Inspired by the idea of
model-free DRL algorithms, such as actor-critic and DDPG [60, 61], we establish a DNN
that predicts the instantaneous reward for a given state vector and action vector pair. We
denote the resulting critic network by Q(~st ,~at |µ) with parameter set µ, as shown in Fig. 3.6.
Note that since the gradient operation of offline reward function may be NAN in terms of
some training data, the critic network is also employed to approximate the reward function
during offline training. Through properly supervised learning using offline experience, the
resulting critic network will closely approximate the relationship of Eq. (3.25) together
with Eq. (3.23), Eq. (3.22), and Eq. (3.21), and as such, capture offline training models.
During online operation, we will adjust the parameters of the critic network using online
experience to improve its accuracy. Particularly, we propose to perform online tuning using
a mini-batch of N 0 online experience tuples with soft update. In particular, after a minibatch of N 0 online experience tuples {~si ,~ai , Ri }, i = 1, 2, 3, · · · , N 0 , are available, the agent
will adjust the parameter of the critic network µ by performing gradient descent for the
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Figure 3.6: Deep critic network for approximating the reward during online operation

49

sample loss function, defined as
0

1 N
J(µ) = 0 ∑ (Ri − Q(~si ,~ai |µ))2 .
N i=1

(3.33)

Note that the instantaneous reward Ri for online experience will be equal to either P τ +P 1(τ +n/B)
S C
C C
for successful data collection or 0 for data collection failure. Correspondingly, the parameters of the critic network can be updated to
0

ρ N
µ ← µ + 0 ∑ (Ri − Q(~si ,~ai |µ)) 5µ Q(~si ,~ai |µ),
N i=1

(3.34)

where ρ ∈ (0, 1) controls the learning rate of the critic network. We can then adjust the
policy network using the sample gradient calculated with critic network Q(~s,~a|µ), given
by
0
1 N
5θ Q(~s,~a|µ)|~a=π(~s|θ ) ≈ 0 ∑ 5~a Q(~s,~a|µ)|~s=~si , ~a=π(~si |θ )
N i=1
(3.35)
5θ π(~si |θ ).
The pseudo code of the proposed online tuning algorithm is shown in Algorithm 2.
The most computational intensive step of Algorithm 2 are the calculation of sample gradient, which can be efficiently implemented using back-propagation technique. With this
tuning algorithm, the policy network can effectively track environment change with low
computational complexity.
Algorithm 2 The pseudo code of online tuning
Input: offline trained policy network π(~s|θ ) and critic network Q(~s,~a|µ).
for every N 0 data collection sessions do
0
Update critic network parameters µ as µ ← µ + Nρ0 ∑N
si ,~ai |µ)) 5µ
i=1 (Ri − Q(~
Q(~si ,~ai |µ).
Calculate sample gradient using Eq. (3.35).
Update policy network parameters θ as θ ← θ + ξ 5θ Q(~s,~a|µ)|~a=π(~s|θ ) .
end for
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Table 3.2: Hyper parameters for policy and critic networks training.
Notation
M
N
ξ
σP2
στ2
σn2
β
N0
ρ

Parameter names
Replay buffer size
Offline mini-batch size
Learning rate for offline training
Initial exploration variance for PS
Initial exploration variance for τC
Initial exploration variance for n
Variance reduction factor
Online mini-batch size
Learning rate of online critic network tuning

Values
5000
60
10−6
16.2
0.27
540
0.995
100
0.005
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Figure 3.7: Time-averaged reward of different training sessions, TC = 25 ms.

3.3.3

Numerical results

In this section, we present selected numerical examples to illustrate our proposed DRL
solution. The system parameter values are shown as Table I, unless otherwise indicated.
The hyper parameters for training the policy and critic networks are summarized in Table
II for convenience.
In Fig. 3.7, we illustrate the offline training process of the deep policy network. We
implement three hidden layers for the policy network with 128, 128 and 300 hidden nodes
respectively. The network parameters are randomly generated. We approximately use the
same number of sigmoid, tanh, and relu functions as the activation functions in each hidden
layer and leave it to the training process to determine their preference. After training,
we found that those nodes contributing more significantly to PS use sigmoid function and
those to τC use tanh function, and the remaining use relu function. Fig. 3.7 plots the
time-averaged reward of 100 consecutive training steps as the function of the index of
training steps. We notice that the time-averaged reward typically exhibits a large amount
of variation initially and eventually converge to a stable value, as the exploration variances
gradually reduce to zero. We can also see that even with random exploration, the offline
training may converge to a local optimal solution, as shown in the first training session.
To address this problem, we can repeat the training of policy network and pick the

52

Effective energy consumption (mJ)

1.5

1

0.5
One training session
Two training sessions
Three training sessions
Four training sessions

0
−20

−15

−10

−5

0

Channel power gain g (dB)

Figure 3.8: Effective energy consumption of the best network selected from multiple training sessions, TC = 25 ms, H = 2000 bits.
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Figure 3.9: Effective energy consumption of different algorithms, TC = 25 ms, H = 2000
bits.
resulting network with the highest reward upon convergence. Fig. 3.8 presents the effective
energy consumption as the function of channel power gain g for the best network picked
from increasing number of training sessions. We see that resulting energy consumption
becomes smaller with increasing number of training sessions. Typically, we can achieve
near-optimal performance after two or three sessions.
Fig. 3.9 compares the performance of our offline trained policy network with benchmark algorithms. In particular, we plot effective energy consumption as the function of
channel power gain g for gradient ascent, proposed DRL, and exhaustive search algorithms.
The results of gradient ascent are obtained through performing several gradient operations,
where all initial points are randomly generated. Note that due to the latency constraint, the
gradient ascent may not converge after a limited number of iterations, leading to the suboptimal performance. We can see that the result from our offline-trained network is very close
to that from exhaustive search. Note that both gradient ascent and exhaustive search require
much higher computational complexity and are not suitable for real-time data collection
strategy design. Our offline trained policy network can generate near-optimal transmission
parameters without any iteration, and as such, it is more suitable for the online operation.
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Figure 3.10: Charging duration from the offline-training policy network for different latency requirement, H = 2000 bits.

380
T = 3 ms
C

360

TC = 2 ms
TC = 1 ms

Number of channel use

340
320
300
280
260
240
220
200
180
−25

−20

−15

−10

−5

0

Channel power gain g (dB)

Figure 3.11: Channel use from the offline-training policy network for different latency
requirement, H = 2000 bits.
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Figure 3.12: Probability of successful data collection for different latency requirement,
H = 2000 bits.
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Figure 3.13: Effectively energy consumption with and without online tuning, TC = 25 ms.
Fig. 3.10 and Fig. 3.11 illustrate the behavior of our policy network for different channel gains and latency requirement. We can see from Fig. 3.10 that the charging duration is
generally increasing as the channel power quality degrades, unless limited by latency constraint. For the chosen system parameters, the charging duration is much less than 1 ms,
leaving more time for data transmission as permitted by the latency requirement, as shown
in Fig. 3.11. When the latency requirement is too stringent, i.e. TC = 1 ms, the charging duration remains nearly constant and the data transmission duration is reduced dramatically to
satisfy the latency constraint, at the cost of smaller probability of successful data collection.
We omit the plot of the charging power PS as the network output is always very closed to
Pmax . Such behavior of policy network is consistent with our intuition and partially verifies
the near-optimality of the trained policy network. The corresponding probability of successful data collection is plotted in Fig. 3.12. As we can see, the probability of successful
data collection quickly reduces to zero when the channel power gain falls below a certain
level, i.e. less than -10 dB for TC = 1 ms case. Note that the goal of the policy network is to
maximize the effective energy consumption, not to maximize the probability of successful
data collection, under the given channel realization.
Fig. 3.13 illustrates the effect of online tuning, while setting the channel power gain
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to −10 dB. We assume due to model inaccuracy or environment variation that the system
parameters during online operation change to: a = 2, b = 1.5, Pc = 30 mW, and σ 2 =
2 × 10−5 mW. As we can see, if the offline trained policy is used without online tuning, the
effective energy consumption remains at 0.2, which is much higher than the case when the
model is accurate as shown in Fig. 3.9. To apply the proposed online tuning algorithm, we
build a critic network with one hidden layer of 64 neuron and relu activation function. The
critic network will be initially trained using offline experience tuples in the replay buffer
and then gradually updated using online experience. We can see from Fig. 3.13 that with
online tuning, the effective energy consumption, after some initial variation, is dramatically
reduced to a low level after a certain number of tuning operations. As such, the policy
network after online tuning can achieve near optimal performance during practical online
operation.

3.4

Conclusion

In this chapter, we studied the energy consumption minimization problem during data collection at wireless-powered IoT sensors. For the ideal scenario of linear energy harvesting
with ideal rate adaptive transmission, we derive the closed-form analytical expressions of
the optimal transmission parameters for energy efficient data collection under given channel realization. For the practical scenario of nonlinear energy harvesting with finite blocklength transmission, we develop an efficient solution based on DRL algorithms. Using an
offline trained deep neural network, near-optimal transmission parameters can be determined in real time. We also proposed a solution for online tuning to mitigate the effect
of model inaccuracy or/and environment variation. We presented some selected numerical
examples to illustrate the effectiveness of our proposed solutions. With our analysis and
DRL-based approach, optimal data collection from energy-constrained sensor, in terms of
minimizing energy consumption, can be realized through adapting time-dependent optimal parameter configurations. On the other hand, following a similar process with our
approach, other complicated optimal-design problems in real communication systems can
be effectively handled as well.
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Chapter 4
Green Relaying Transmission with
Wireless Power Transfer
Reliable and energy-efficient wireless transmission is of critical importance to the success
of future IoT. Due to the sporadic nature of IoT transmissions, the energy consumption of
a specific data session varies dramatically with the instantaneous operating environment as
well as the QoS requirement. In this chapter, we analyze and design the energy-efficient
relaying transmission system from a session-specific perspective. Specifically, we consider a dual-hop transmission system with a decode-and-forward (DF) relay that is solely
powered by wireless power transfer from source node. With consideration of ideal rate
adaptive transmission and piecewise linear energy harvesting, for both time switching and
power splitting modes of operation at the relay, we analyze and minimize the total energy consumption of the system when transmitting a fixed amount of data. Closed-form
expressions for all optimal transmission parameters are derived with and without latency
constraint. With consideration of finite block-length transmission and nonlinear energy
harvesting, we follow the DRL-based algorithm proposed in chapter 3 to arrive at a policy
network for determining near-optimal transmission parameters in real time during online
operation. By comparing with the results from exhaustive search, the validity of our proposed approach and analysis can be effectively verified. In addition, we illustrate various
design tradeoffs for such system through presenting some selected numerical examples.
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4.1

Introduction

Internet connectivity can be extended to numerous terminal devices with the help of IoT
technology, where many important applications will be enabled accordingly, such as remote sensing, intelligent manufacture, and smart farming, etc [111, 112]. Highly energyefficient wireless transmission is very critical to the success of these applications. Also
note that within some scenarios, high reliability is very difficult to be guaranteed for direct transmission, e.g. data transmission over long distance and poor channel. Hence,
cooperative relaying transmission, as a promising solution, attracted a lot of attentions
from academia. Meanwhile, since the energy storage of relay was strictly constrained in
usual, some researchers investigated the wireless transmission system with energy harvesting relay [114–127], where the energy of relay was harvested from either environment or
source node. On the other hand, to more properly characterize the energy efficiency for
IoT applications, the work in [34] proposed a data-oriented approach to analyze the energy
consumption of an individual transmission session. The work in [128] further applied this
approach to the analysis and minimization of energy consumption for transmitting a fixed
amount of data over a point-to-point wireless fading channel. The work in [35] investigated the wireless big data transmission with adaptive modulation and coding, where the
statistical energy consumption of a specific data session was analyzed.
There has been ongoing interest for improving the energy efficiency of wireless transmission systems. Most previous efforts target at traditional broadband communication services. The energy efficiency of these services was characterized by the ratio of average data
rate over corresponding power consumption level, with unit of bps/W [129]. For example,
the work in [31] calculated the average energy consumption for each transmitted bit with
the consideration of possible retransmissions. For fading wireless channel, the channel ergodic capacity is typically used to evaluate the energy efficiency [32, 33]. However, most
IoT transmission sessions are very short and sporadic. For example, many IoT devices only
send a short measurement update periodically, or upon the reception of a control command.
In addition, to support advanced IoT applications, some IoT transmission sessions, e.g. for
control commands, may require much higher reliability and lower latency than others, e.g.
measurement updates. The resulting energy consumption of IoT transmission sessions will
vary dramatically from one session to another. The transmission strategy that is optimal, in
the average sense, may perform poorly for a specific transmission session [34]. As such,
the average energy efficiency characterization is not suitable for optimizing wireless transmissions to/from IoT devices.
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In this chapter, we extend previous work by considering relaying transmission system
with wireless power transfer from a session-specific perspective. More specifically, we
consider the general transmission scenario from a source to a destination with the help of an
intermediate DF relay. The relay can harvest RF energy from the transmitted signal of the
source and use it to power its relaying operation. With consideration of ideal rate adaptive
transmission and piecewise linear energy harvesting, for both power-splitting and timeswitching modes of operation, we analyze and minimize the overall energy consumption
for transmitting a fixed amount of data with and without instantaneous latency constraint.
The closed-form expressions for all optimal parameters are derived. With consideration of
finite block-length transmission and nonlinear energy harvesting, we apply the algorithm
of one-step DRL, proposed in chapter 3, to train a policy network to determine the nearoptimal transmission parameters in real time for the online operation of such system. On
the basis of these results, we can investigate whether the extra energy consumption to power
the relay can enhance the energy efficiency of wireless transmission. Selected numerical
examples are also discussed to illustrate the effect of our proposed approach and analysis.

4.1.1

Previous work

There have been continuing interest in wireless transmission systems with energy harvesting (EH) relays [114–118]. The work in [114, 115] applied power and packet size adaptation to optimize the energy efficiency of wireless transmission systems with EH relays.
The work in [116] formulated and solved an energy efficiency optimization problem considering relays’ energy harvesting constraints and average throughput constraint. The work
in [117] considered a multi-hop transmission system with EH relays, where the energy consumption of source node is minimized. The work in [118] studied the joint transmit power
minimization and EH relay selection problem to save the energy of multiple non-energyharvesting transmitters. While freely available, the energy harvested from the environment
is typically unstable and unpredictable, which makes the system design and planning very
challenging.
Alternatively, relays can collect energy from the RF signal transmitted by the source
node [79, 119–127]. In [79], the RF energy harvested from source transmission powers
a full-duplex amplify-and-forwarding (AF) relay node. The work in [119] considered cooperative sensor network, where energy-constrained relay nodes harvest energy from the
transmitter. The work in [120] considered a RF-powered AF relaying system, where the
relay can also harvest energy from its own transmitted signal. The relay node in [121]
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optimally decides to use its own battery energy or harvest RF energy from the source to enhance system energy efficiency. The work in [122,123] optimally design precoding scheme
to maximize the energy efficiency of a MIMO two-way DF relay system with simultaneous wireless information and power transfer (SWIPT). Generally, relay node can adopt
either power splitting or time switching operation mode for SWIPT operation. The work
in [124,125] considered time-switching operation for single-carrier and multi-carrier transmission systems, respectively, whereas the work in [126, 127] employed power splitting
mode at the relay. These works apply power allocation, precoding optimization, and relay
selection to improve the average energy efficiency of relay transmission.

4.1.2

Contribution

This work is the first work to analyze the energy consumption of relaying transmission
system with wireless power transfer from a session-specific perspective. By examining
the minimum energy consumed for transmitting a fixed amount of data with and without
latency constraint, we illustrate various design tradeoffs for such system. Additionally,
we investigate the ideal rate adaptive transmission with piecewise linear energy harvesting
and finite block-length transmission with nonlinear energy harvesting, respectively. These
results will greatly facilitate the design of energy-efficient relaying transmission system for
advanced IoT applications.

4.2

Ideal rate adaptive transmission with piecewise linear
energy harvesting

In this section, we analyze and minimize the energy consumption for the system under ideal
rate adaptive transmission with piecewise linear energy harvesting.

4.2.1

System and channel model

We consider a specific IoT transmission session where the source node transmits H bits
of data to the destination node. Due to the poor channel quality of the direct link, the
transmission is carried out with the help of an intermediate DF relay node. Note that we
adopt DF relay as it can achieve higher reliability and capacity than AF relay [130]. To
encourage relay cooperation, we assume that the relaying operation will be solely powered
by the RF energy harvested from the transmitted signal of the source. Under the energy
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Figure 4.1: Operating modes of relay transmission with wireless power transfer.
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and information causality constraints, the relay will operate in a half-duplexing fashion. In
particular, the relay node first performs data reception and energy harvesting over the first
hop and then forward the decoded data to the destination using its harvested energy. Our
goal is to minimize the total energy consumption by designing the transmission parameters optimally considering the instantaneous channel condition, reliability requirement, and
latency constraint, if applicable.
For most IoT transmission scenarios, the data amount H is typically small, at most
several kbits. As such, such data transmission session will typically complete within one
channel coherence time. It follows that the channel gains will remain constant for the
whole data transmission duration. Assuming frequency flat fading environment, we denote
the complex channel gains of the first hop and the second hop by hSR and hRD , respectively.
The received signal at the relay can be written as
yR (t) = hSR s(t) + nR (t),

(4.1)

where s(t) is the signal transmitted by the source with power PS and nR (t) is the noise at the
relay with power σ 2 . The relay performs simultaneous information detection and energy
harvesting on yR (t), following either power splitting or time switching mode of operation.
After that, it forwards a copy of its decoded signal, denoted by r(t), to the destination using
harvested RF energy. The received signal at the destination given by
yD (t) = hRD r(t) + nD (t),

(4.2)

where nD (t) is the noise at the destination also with the average power of σ 2 . We will
consider the optimal design for power splitting and time switching modes separately in the
following two sections, assuming that the instantaneous channel gains have been accurately
estimated before the transmission session starts.

4.2.2

Power splitting mode

Energy consumption analysis
With power splitting (PS) operation mode, the total duration of the transmission session,
T , is divided into two equal-length slots, one for source transmission and the other for
relay transmission, as shown in Fig. 4.1(a). The relay will divide its received signal yR (t)
into energy signal and information signal, with a power splitting factor β (0 < β < 1),
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for energy harvesting and information decoding, respectively. As most practical energy
harvesting circuit is characterized by a linear region and a saturation region, we adopt a
piecewise linear EH model [131]. As compared to the linear EH model in section 3, this
piecewise linear model can better match the real EH process. In particular, the harvested
energy at the relay over the first slot of duration T /2 is given by
(
EHPS =

ηβ PS gSR T2 ,
ηPsat T2 ,

PS gSR β < Psat ;
PS gSR β ≥ Psat ,

(4.3)

where gSR = |hSR |2 is the channel power gain from source to relay, 0 < η < 1 denotes the
energy conversion efficiency, and Psat is the power saturation threshold of energy harvesting
circuit. Meanwhile, the received signal-to-noise ratio (SNR) at the relay for information
detection is given by
(1 − β )PS gSR
γRPS =
.
(4.4)
σ2
In general, the energy consumption for information decoding at the relay is negligible
compared to that for data forwarding. Accordingly, we assume that the relay uses all of its
harvested energy for data forwarding over the second slot. The transmission power of relay
is then given by
E PS
(4.5)
PRPS = H = η min{PS gSR β , Psat }.
T /2
To establish the performance limit of energy consumption, we assume ideal rate adaptive
transmission. Therefore, the effective data rate of the transmission system with power
splitting mode can be calculated as
RPS =

B
1
log2 (1 + 2 min{PS (1 − β )gSR , PRPS gRD }),
2
σ

(4.6)

where B is the channel bandwidth and gRD = |hRD |2 is the channel power gain from relay
to destination. It follows that the total transmission duration is equal to T = H/RPS .
Finally, the total energy consumption for transmitting H bits of data with the power
splitting mode can be calculated as the product of transmission duration and power consumption for the source, which is given by
ECPS = (PS + Pc )T /2 =
H(PS + Pc )/B
,
log2 (1 + min{PS (1 − β )gSR , η min{PS gSR β , Psat }gRD }/σ 2 )

(4.7)
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where Pc denotes the circuit power consumption of the source node.
Optimal design
We now determine the optimal source transmit power PS and power splitting factor β , based
on the instantaneous channel realization, to minimize the total energy consumption, given
in Eq. (4.7). Note that this objective function is non-convex. As such, we can not directly
apply KKT condition to obtain the optimal solution. Note also that we need to determine
the optimal parameter values for each data transmission session based on the instantaneous
channel gain. Iterative algorithms are not suitable as they need time to converge, even to
suboptimal solution. In what follows, we derive the closed-form expressions of optimal
transmission parameters through mathematical analysis.
We consider the case of PS gSR β < Psat and PS gSR β ≥ Psat separately. When PS gSR β <
Psat , the energy consumption minimization problem is formulated as
min

PS , β

H(PS + Pc )
,
B log2 (1 + PS gSR (min{(1 − β ), ηβ gRD })/σ 2 )

s.t. 0 <PS < min{Psat /(gSR β ), Pmax }, 0 < β < 1,
where Pmax is the peak transmit power of the source node. We first observe that objective
function is monotonically decreasing with min{1 − β , β ηgRD }, which will achieve its
maximum value when 1 − β = β ηgRD . Thus, the optimal value of power splitting factor β
is given by
1
.
β∗ =
(4.8)
1 + gRD η
Applying optimal power splitting factor, the optimization problem simplifies to
min
PS

(PS + Pc )H
,
B log2 (1 + PS (gSR /e
gRD )/σ 2 )

s.t. 0 <PS < min{Psat (1 + gRD η)/gSR , Pmax },
where we define geRD = 1 + gRD1 η for notation conciseness. It can be verified that, by examining its second derivative with respect to PS , this objective function is strictly convex with
respect to PS . After taking derivative with respect to PS and setting the result to zero, the
optimal source transmission power, under the the constraint of 0 < PS < Psat /(gSR β ∗ ), is
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determined as
PS∗PS = min{

Pc − geRD σ 2 /gSR

W0 [e−1 ( gePc gσSR2 − 1)]

−

RD

geRD σ 2 Psat (1 + gRD η)
,
, Pmax },
gSR
gSR

(4.9)

where W0 [·] denotes the principle branch of the Lambert W function [85].
For the case of PS gSR β ≥ Psat , the energy consumption minimization problem becomes,
assuming that Psat /(gSR β ) is less than Pmax 1
min

PS , β

H(PS + Pc )
,
B log2 (1 + min{PS (1 − β )gSR , ηPsat gRD }/σ 2 )

s.t. Psat /(gSR β ) ≤PS ≤ Pmax , 0 < β < 1,
The objective function will be minimized when PS and β satisfy PS (1 − β )gSR = ηPsat gRD .
Under this condition, the optimization problem can be simplified to
min
PS

H(PS + Pc )
,
B log2 (1 + ηPsat gRD /σ 2 )

s.t. Psat /(gSR β ) ≤PS ≤ Pmax .
Since the objective function is monotonically increasing with PS , the optimal PS should be
equal to Psat /(gSR β ). Applying this optimal PS , we arrive at the same optimal β ∗ as given
in Eq. (4.8).
Combining the above two cases, the optimal transmission parameters for power splitting mode in terms of minimizing total energy consumption is given in Eq. (4.8) and
Eq. (4.9). The resulting transmission rate of both hops is equal to
R∗PS = B log2 (1 +

PS∗PS ηgSR gRD
).
(1 + ηgRD )σ 2

(4.10)

Correspondingly, to minimize the energy consumption of the IoT transmission session under consideration, the source will transmit at rate R∗PS with power PS∗PS for a duration of
H/R∗PS /2. The relay will apply power splitting operation with β ∗ and then forward its
decoded data with the same rate for the same duration, but with power level ηPS∗PS gSR β ∗ .
1 Otherwise,

no solution exists for this case.
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The resulting minimum energy consumption can be determined as

PS
Emin
=


H(Pc −e
gRD σ 2 /gSR ) ln 2


,
Pg


BW0 [e−1 ( c SR2 −1)]

geRD σ



(Pc gSR −e
gRD σ 2 )β ∗

2 ∗

 W [e−1 ( Pc gSR −1)] − geRD σ β < Psat ;
0

geRD σ 2

H(Psat /gSR +Pc )



ηPsat gRD ,

B
log
)

2 (1+
σ2


2
∗

Pc gSR −e
gRD σ β
2 ∗


 W0 [e−1 ( Pc gSR −1)] − geRD σ β ≥ Psat .

(4.11)

geRD σ 2

4.2.3

Time switching mode

Energy consumption analysis
With time switching (TS) operation mode, the total transmission duration T is divided into
three slots, as shown in Fig. 4.1(b). Specifically, the source first transfers energy to the relay
with power PSC over the first slot of duration αT , where α ∈ (0, 1) is the time switching
factor. Then, the source transmits information to the relay over the second slot of duration
(1 − α)T /2. Finally, the relay forwards its decoded information to the destination over the
last slot. As such, applying a piecewise linear EH model, the harvested energy at the relay
is given by
(
αT ηPSC gSR ,
PSC gSR < Psat ;
EHT S =
(4.12)
αT ηPsat ,
PSC gSR ≥ Psat .
The received SNR at the relay over the second slot is equal to
γRT S =

PS gSR
.
σ2

(4.13)

Since the relay uses all of its harvested energy for data forwarding over the last slot, the
transmit power of the relay is determined as
PRT S =

EHT S
2αη
=
min{PSC gSR , Psat }.
(1 − α)T /2 1 − α

(4.14)

The effective data rate with time switching mode can be calculated, while noting that only
1 − α portion of the total duration is used for information transmission, as
RT S =

(1 − α)B
1
log2 (1 + 2 min{PS gSR , PRT S gRD }).
2
σ

(4.15)
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It follows that the total duration of the transmission session T is equal to H/RT S .
With time switching mode, the source consumes energy at power level PSC + Pc in
the first slot for a duration of αH/RT S and at power level PS + Pc in the second slot for
(1 − α)H/(2RT S ) duration. As such, we can calculate the total energy consumption as
ECT S =

e (Pc + PSC ))/B
H(PS + Pc + α
,
e η min{PSC gSR , Psat }gRD }/σ 2 )
log2 (1 + min{PS gSR , α

(4.16)

e as 2α/(1 − α) for conciseness.
where we define α
Optimal design
We now optimize the charging power PSC , information transmission power PS , and time
switching factor α to minimize the total energy consumption of a specific transmission
session, given in Eq. (4.16). Note that the above objective function is not convex. Again,
iterative algorithms are not applicable as the channel state information will soon become
outdated. In the follows, we still perform some mathematical analysis to derive the closedform expressions of all optimal transmission parameters.
First of all, we determine the optimal value of charging power PSC with the following
proposition.
Proposition 3. For time switching mode, the optimal charging power in terms of min∗ =
imizing the total energy consumption of a data transmission session is equal to PSC
min{Psat /gSR , Pmax }.
Proof. When PSC gSR ≤ Psat , we can rewrite the total energy consumption as
ECT S =

(PS + (1 + m/PSC )Pc + m)H
,
B log2 (1 + gSR min{PS , mηgRD }/σ 2 )

(4.17)

e PSC . Note that m can be adjusted independent
where we define an auxiliary variable m = α
e ranges from 0 to +∞. As such, total energy consumption is a monotonically
of PSC since α
decreasing function of PSC . So, the optimal PSC is equal to Psat /gSR .
When PSC gSR ≥ Psat , the total energy consumption becomes
ECT S =

e (Pc + PSC ))H
(PS + Pc + α
,
e ηPsat gRD }/σ 2 )
B log2 (1 + min{PS gSR , α

(4.18)

which is monotonically increasing with PSC . Therefore, the optimal PSC in this case is also
equal to Psat /gSR . The proof is completed while noting the peak transmit power of the
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source Pmax .
∗ , the energy consumption miniApplying the optimal value of charging power, i.e. PSC
mization problem can be formulated as

min

PS , α

∗ )H
e (Pc + PSC
(PS + Pc + α
∗ g }/σ 2 ) ,
e ηPSC
B log2 (1 + gSR min{PS , α
RD

s.t. 0 <PS ≤ Pmax , 0 < α < 1.
Note that the objective function is minimized when α and PS satisfy
∗
e ηPSC
PS = α
gRD .

(4.19)

∗ ηg ),
e = PS /(PSC
Under this condition, the optimization problem simplifies, after setting α
RD
to

(PS Ĝ + Pc )H
,
B log2 (1 + PS gSR /σ 2 )

min
PS

s.t. 0 <PS ≤ Pmax ,
P +P∗

where we define Ĝ = 1 + ηPc ∗ gSC
for notation conciseness. Since the objective function is
SC RD
strictly convex with respect to PS , we can determine the optimal information transmission
power for time switching mode as
PS∗T S = min{

Pc /Ĝ − σ 2 /gSR
c gSR
W0 [e−1 ( PĜσ
2 − 1)]

−

σ2
, Pmax }.
gSR

(4.20)

The optimal time switching factor can be obtained, by setting PS to PS∗T S , as
α∗ = 1 −

∗
2gRD ηPSC
.
∗
PS∗T S + 2gRD ηPSC

(4.21)

With these results, we can calculate the effective information transmission rate as
∗T S

R

PS∗T S gSR
).
= B log2 (1 +
σ2

(4.22)

Accordingly, to minimize the energy consumption of the transmission session under con∗ = min{P /g , P
sideration, the source first transfers energy to the relay with power PSC
sat SR max }
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for a duration of α ∗ H/R∗T S . Then, it will transmit data at rate R∗T S for duration of
(1 − α ∗ )H/(2R∗T S ) with power PS∗T S . For the remaining (1 − α ∗ )H/(2R∗T S ), the relay
2α ∗ η ∗
will forward its decoded data to the destination at the same rate with power 1−α
∗ PSC gSR .
Combining the above descriptions, the resulting minimum energy consumption with time
switching mode can be determined as

TS
Emin
=


H(Pc −Ĝσ 2 /gSR ) ln 2

,

Pg

BW0 [e−1 ( c SR

2 −1)]

Ĝσ


Pc /Ĝ−σ 2 /gSR
σ2


 W [e−1 ( Pc gSR −1)] − gSR < Pmax ;
0












Ĝσ 2

(4.23)

∗

2α η
∗
(Pmax +Pc + 1−α
∗ (Pc +PSC ))H
∗

2α η ∗
2
B log2 (1+gSR min{Pmax , 1−α
∗ PSC gRD }/σ )
2
Pc /Ĝ−σ 2 /gSR
− gσSR ≥ Pmax .
Pc gSR
−1
W0 [e (
2 −1)]

,

Ĝσ

4.2.4

Numerical results

In this section, we present selected numerical examples to illustrate the analytical results
in previous subsections. Table I summarizes the common parameter values used when
generating these results.
Table 4.1: Common parameter values of relaying transmission system with ideal transmission and EH models.
Parameters
noise power, σ 2
channel bandwidth, B
circuit power, Pc
energy conversion efficiency, η
maximum transmit power, Pmax
power saturation threshold, Psat

Values
1×10−5 mWatt
100 kHz
20 mWatt
0.9
300 mWatt
20 mWatt

In Fig. 4.2, we plot the energy consumption of relay transmission system with power
splitting mode when transmitting H = 5 kbits of data. In particular, we plot the energy consumption as the function of gSR with different values of gRD for the cases with and without
parameter optimizations. We can see that the energy consumption generally decreases as
the channel gains gRD and gSR increase, as intuitively expected. We can also see that parameter optimization can dramatically reduce the energy consumption of the session. The
perfect match between the analytical results and the results from exhaustive search verifies the validity of our analytical results. Similar behavior can be observed for the energy
consumption for time switching mode.
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Figure 4.2: Energy consumption of a transmission session with power splitting energy
transfer mode (H = 5 kbits).
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Figure 4.3: Optimal transmit power levels of source node (H = 5 kbits).
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Figure 4.4: Energy consumption comparison between relay transmission with time switching mode and direct transmission with optimal parameters (H = 5 kbits).
In Fig. 4.3, we plot the optimal information transmission power of the source PS∗ in
terms of minimizing the energy consumption for different channel realizations. We can
see that when gSR increases, the optimal power for both modes decreases as intuitively
expected. On the other hand, when gRD increases, while that for power splitting mode
decreases, the optimal transmit power for time switching mode increases. This interesting
behavior of time switching mode can be explained as follows. When gRD is relatively
small, the second hop will likely be the bottleneck link. The best strategy for the source
is to transmit at low rate with low transmit power. When gRD increases and relay link
can support higher rate, the source will use a higher transmit power level to match the
transmission rate of the second hop, which will reduce the overall transmission duration
and hence increase the power consumption.
Fig. 4.4 compares the energy consumption of relay transmission with time switching
mode and direct transmission [128] using optimal transmission parameters. In particular,
the minimum energy consumption is plotted as function of both gSR and gRD . For fair comparison, we assume that the channel attenuation of direct transmission gSD is approximately
equal to the sum of the attenuation of both hops, which corresponds to the case that relay
is situated on the line connecting the source and the destination. We can see that when the
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Figure 4.5: Energy consumption comparison between power splitting, time switching, and
direct transmission modes with optimal parameters ( gSD = −50 dB and H = 5 kbits).
channel quality is poor, i.e. gSD < −30 dB, relay transmission with energy transfer can
save considerable amount of energy compared to direct transmission. On the other hand,
when gSD > −25 dB, direct transmission leads to lower energy consumption. As such, we
can conclude that relay transmission with wireless power transfer is more energy efficient
than direct transmission when the direct link experience poor channel quality.
Fig. 4.5 compares the energy consumption of power splitting, time switching, and direct
transmission while fixing the direct link channel power gain gSD to around -50 dB and
varying gSR from -40 dB to -15 dB. Correspondingly, gSR decreases from -10 dB to -35
dB. The energy consumption of direct transmission is constant as gSD remains the same.
The time switching mode leads to lower energy consumption than direct transmission as
long as neither gSR nor gRD is too small. On the other hand, the power splitting mode
enjoys the lowest energy consumption as long as gSR is not very small. With the exact
analytical expressions for the minimum energy consumption determined above, the source
can determine which transmission mode leads to the minimum energy consumption for
a given channel realization. The resulting transmission system will achieve the highest
possible energy utilization efficiency for each transmission session and save the valuable
energy resource of source node.
Fig. 4.6 plots the time duration required to transmit a fixed amount of data using the
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Figure 4.6: Transmission duration comparison of power splitting and time switching modes
with and without energy consumption minimization (gRD = −20 dB, H = 5 kbits).
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relay transmission system under consideration. The results of both power splitting and time
switching modes, with and without energy consumption minimization, are presented. We
can see that the transmission duration for all cases decreases with increasing gSR . We also
observe that the transmission duration increases for both operating modes after parameter
optimization, demonstrating a tradeoff between energy consumption and latency performance. Finally, the optimized power splitting mode leads to smaller transmission duration
than the optimized time switching mode. Considering together with the energy consumption comparison in Fig. 4.5, we can conclude that power splitting is the preferred operating
mode as it leads to lower minimum energy consumption and shorter transmission duration,
at the cost of slightly higher hardware complexity due to simultaneous energy harvesting
and data reception.

4.2.5

Effect of latency constraint

The results in previous section show that the optimal transmission parameters that minimizes energy consumption will lead to large transmission duration for transmitting a fixed
amount of data. Meanwhile, the QoS requirement of certain IoT applications may mandate
a hard latency constraint. In this section, we study the effect of such latency constraint
on minimum energy consumption, again from an individual data transmission session perspective. We assume that the source needs to transmit H bits data to the destination under
a hard latency constraint, denoted by Tth .
With hard latency constraint, the energy consumption minimization problem for power
splitting mode becomes
min

PS , β

H(PS + Pc )/B
S gSR β ,Psat }gRD }
log2 (1 + min{PS (1−β )gSR , η σmin{P
)
2

,

s.t. 0 < PS ≤ Pmax , 0 < β < 1,
2H
B log2 (1+min{PS (1−β )gSR , η min{PS gSR β ,Psat }gRD }/σ 2 )

< Tth .

Following a similar process in previous section, while considering the cases of PS gSR β ≤
Psat and PS gSR β > Psat separately, we can show that the power splitting factor β obtained in
Eq. (4.8) remains optimal under the latency constraint. Accordingly, the optimal transmit
power is given by
PeS∗PS = max{PS∗PS , (22H/(BTth ) − 1)e
gRD σ 2 /gSR },

(4.24)
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where PS∗PS was given in Eq. (4.9). Essentially, the latency constraint translates to a minimum transmission power requirement. Note that when the minimum power (22H/(BTth ) −
1)e
gRD σ 2 /gSR is greater than Pmax , the above optimization problem will have no feasible
solutions, i.e. the data transmission can not complete within the latency constraint under
the given channel realization. In this case, the source node may decide not to transmit to
save its energy.
For time switching mode, the energy consumption minimization problem is updated to
min

PS , α

e (Pc + PSC ))H
(PS + Pc + α
,
e η min{PSC gSR , Psat }gRD }/σ 2 )
B log2 (1 + min{PS gSR , α

s.t. 0 < PS ≤ Pmax , 0 < α < 1,
2H
e η min{PSC gSR ,Psat }gRD }/σ 2 )
B(1−α) log2 (1+min{PS gSR , α

< Tth .

Note that increasing effective transmission rate will reduce the energy consumption as
well as the transmission duration. Therefore, the optimal charging power is still equal
to min{Psat /gSR , Pmax } under the latency constraint. And the optimal α and PS still need
to satisfy Eq. (4.19). After eliminating α using Eq. (4.19), the optimization problem
simplifies to
min
PS

(PS Ĝ + Pc )H
,
B log2 (1 + PS gSR /σ 2 )

s.t. 0 < PS ≤ Pmax ,

∗
gRD ηPSC
2
∗ B log2 (1 + PS gSR /σ ) ≥ H/Tth .
PS +2gRD ηPSC

The optimal power determined in Eq. (4.20) should also satisfy the latency contraint. After
some manipulations, we can equivalently transform the latency constraint to
(

U
U
U
U
− 2
PS ) exp(
− 2
PS ) ≤
gSR gRD σ gRD
gSR gRD σ gRD
U
U
2H ln 2
−
exp(−
+
).
gSR gRD
gSR gRD
BTth

(4.25)

2

Hσ ln 2
where U denotes ηP
. Applying the definition of Lambert W function, the value range
∗
SC BTth
of transmit power that satisfies the latency constraint is determined as
TS
P0T S ≤ PS ≤ P−1
,

(4.26)
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where
P0T S = −σ 2 (
and
TS
P−1
= −σ 2 (

gRD
U
U
2H ln 2
1
+
W0 [−
exp(−
+
)]),
gSR
U
gSR gRD
gSR gRD
BTth

1
gRD
U
U
2H ln 2
+
W−1 [−
exp(−
+
)]).
gSR
U
gSR gRD
gSR gRD
BTth

(4.27)

(4.28)

Here, W−1 [·] denotes the negative branch of Lambert W function. It can be verified using
the properties of the W function that P0T S is greater than zero. As such, the optimal information transmission power for the time switching mode under the latency constraint is
determined as
TS
TS
(4.29)
PeS = max{P0T S , min{P−1
, PS∗T S }},
where PS∗T S was given in Eq. (4.20). The corresponding optimal time switching factor for
this case becomes
2g ηP∗
e = 1 − T S RD SC
.
α
(4.30)
∗
PeS + 2gRD ηPSC
The energy consumption minimization problem for time switching mode may also have
no solution due to the latency constraint. Specifically, for a particular channel realization,
ln 2
if the right hand side of Eq. (4.25), i.e. − gSRUgRD exp(− gSRUgRD + 2H
BTth ), is less than −1/e
or P0T S in Eq. (4.27) is greater than Pmax , the latency constraint can not be satisfied. In this
case, the source node may again decide not to transmit to save its energy.
In Fig. 4.7, we plot the minimum energy consumption of the relay transmission system,
with optimal transmission parameters, as the function of the latency constraint threshold
Tth . As we can see, the minimum energy consumption of relay transmission system under different channel realization follows a similar decreasing trend as latency threshold
increases. This confirms again the tradeoff between energy consumption and transmission
latency. We also observe that the energy consumption of time switching mode is slightly
higher than that with power splitting mode. Finally, better source-to-relay channel quality leads to lower energy consumption as less energy is consumed during wireless power
transfer to the relay.
In Fig. 4.8, we compare the minimum energy consumption of relay transmission system with direct transmission under a hard latency constraint of Tth = 0.015 s. For fair
comparison, we again assume that the relay is situated on the line between the source and
destination and fix the channel power gain of direct link to -50 dB. The minimum energy
consumption is plotted as function of gSR , while the corresponding gRD is decreasing from
-10 dB to -35 dB. We can see that under the given latency constraint, relay transmission
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Figure 4.7: Effect of latency constraint on the energy consumption of the relay transmission
system with optimal parameter values (H = 5 kbits).
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Figure 4.8: Minimum energy consumption comparison for power splitting, time switching,
and direct modes under latency constraint (gSD = −50 dB, H = 5 kbits, Tth = 0.015 s).
with power transfer requires much higher energy consumption than direct transmission.
This is because that a much high transmission power is required for relay transmission system to satisfy the latency requirement. We also note that power splitting mode leads to
lower energy consumption than time switching mode, especially when gSR is large, which
again justifies that power splitting mode is preferred in terms of energy consumption minimization.

4.3

Finite block-length transmission with nonlinear energy
harvesting

In this section, we investigate the optimal design for the system of cooperative relaying
transmission under finite blocklength data rate and nonlinear energy harvesting.
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4.3.1

Generalized formulation

We consider a generic relaying transmission system with wireless power transfer, where
time switching mode is used for the operation of relay. Specifically, a source node with M
antennas transmits H bits data, by the help of a wireless powered DF relay, to a destination
sensor, where direct link is ignored. We also assume that perfect CSI is available for the
BS and the relay, and transmission task will fail if any error occurs. Total transmission
duration is composed of three unequal time slots. In the first slot with the duration of TSC ,
the source charges the relay with the power of PSC using wireless power transfer. Applying
a practical non-linear EH model from [106], while noting that optimal beamforming vector
is ~h∗SR / ~hSR , the harvested energy of the relay is denoted by
EH = PH (

1 + exp(−ab)

− exp(−ab))TSC ,

2

1 + exp(−a(PSC

(4.31)

~hSR − b))

where ~hSR is the channel gain vector from the source to the relay, PH denotes the maximum harvested power of EH circuit, a and b denote the constants related to EH circuit
specifications.
In the second slot, the source transmits information to the relay with transmit power PS .
Applying optimal beamforming and finite block-length transmission, block transmission
error rate from the source to the relay [132] is given by
s
εSR = Q((log2 (1 + γR ) − H/nSR )/(

γR (γR + 2)
log2 e)),
2nSR (1 + γR )2

(4.32)

where nSR is the number of channel use from the source to the relay, γR is the received SNR
at the relay, and Q(·) is the complementary gaussian CDF fuction. γR is denoted by
2

γR = PS ~hSR /σ 2 ,

(4.33)

where σ 2 is average noise power.
In the last slot, the relay decodes received signal and forwards it to the destination using
harvested energy. Following a similar process above, block transmission error rate from the
relay to the destination is given by
s
εRD = Q((log2 (1 + γD ) − H/nRD )/(

γD (γD + 2)
log2 e)).
2nRD (1 + γD )2

(4.34)
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Here, γD is the received SNR of the destination, and nRD is the number of channel use from
the relay to the destination. We assume that the duration of each channel use is equal to
the inverse of the bandwidth [110], i.e. 1/B. Since the energy for relaying operation is all
harvested from the BS, the transmit power of the relay is equal to harvested energy over
transmission duration, i.e. EH /(nRD /B). Accordingly, γD can be denoted by
γD = EH

|hRD |2
,
σ 2 nRD /B

(4.35)

where hRD denotes the channel gain from the relay to the destination.
Also note that block error will occur for DF relaying transmission in case that any one
hop has transmission error. As such, the overall error probability of block transmission
can be calculated by ε = 1 − (1 − εSR )(1 − εRD ). The energy consumption of the source,
during transmission process, is equal to EC = PSC TSC + PS nSR /B + PC (TSC + nSR /B). With
consideration of transmission errors, we use effective energy consumption to evaluate the
performance of such system, defined as the ratio of energy consumption over successful
transmission rate, i.e EC /(1 − ε). For each transmission session, with instantaneous channel realization, all transmission parameters, i.e. TSC , PSC , PS , nSR , and nRD , need to be
optimally designed for minimizing the effective energy consumption. To avoid the outdatedness of channel knowledge and keep the effectiveness of information, we impose a
latency requirement of TC to this case. Accordingly, we formulate the optimization problem as follows

min

TSC , PSC , PS , nSR , nRD

E=

PSC TSC + PS nSR /B + PC (TSC + nSR /B)
,
1−ε

s.t. 0 <PSC ≤ Pmax , 0 < PS ≤ Pmax ,
nSR +nRD
H
nSR ≤ log2 (1 + γR ),
B

H
nRD

≤ log2 (1 + γD ),

+ TSC ≤ TC .

Note that this formulated problem is a mixed-integer nonlinear issue and its objective
function is not jointly convex with respect to all continuous variables. Accordingly, the
closed-form solutions are not possible to be derived. Although an iterative algorithm can
be designed to arrive at near-optimal or sub-optimal solutions, it will consume valuable
computing/power resource for iterative calculation during each online session. Additionally, the iterative algorithm may not converge under a strict latency constraint.
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Figure 4.9: Deep policy network for relaying transmission.

4.3.2

Deep reinforcement learning formulation

Intuitively, supervised learning is a promising technique to train a deep policy network for
determining near-optimal transmission parameters with minimum computation and latency.
However, we need to generate numerous channel condition and find corresponding optimal
parameter configurations as training data through exhaustive search. Note that numerical
search, for these optimal configurations, will lead to low training efficiency.
As DRL does not involve any numerical search in offline training, it enjoys much higher
efficiency than supervised learning. Accordingly, we apply DR-based approach, proposed
in chapter 3, to train a near-optimal policy network. Particularly, under continuous state
space and action space, we formulate an one-step markov decision process (MDP) problem. The state space S is defined as {TC , ~hSR , hRD } and the action space R is defined
as {PSC , TSC , PS , nSR , nRD }, where the state information may vary from one transmission session to another. Our goal is to minimize the effective energy consumption and as
such, the reward function is designed as the inverse of the above objective function, i.e.
R = P T +P n H(1−ε)
. We assume that the policy network with the parameter of
SC SC
S SR /B+PC (TSC +nSR /B)
θ is denoted by π, as shown in Fig. 4.9. With input state vector ~s = [TC , ~hSR , hRD ]T given,
the output action vector ~a = [PSC , TSC , PS , nSR , nRD ]T can be also denoted by π(~s|θ ).
Similar to chapter 3, we still employ policy gradient to gradually optimize the network
parameter θ . In particular, we use the chain rule to calculate the gradient of reward function
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with respect to θ , i.e. 5θ R(~s,~a)|~a=π(~s|θ ) , shown as follows
5θ R(~s,~a)|~a=π(~s|θ ) = 5~a R(~s,~a) 5θ π(~s|θ ).

(4.36)

Here, 5~a R(~s,~a) can be calculated using an exact or approximate reward function and
5θ π(~s|θ ) can be calculated using backpropagation method. Accordingly, within each
gradient operation, the network parameter can be updated along the gradient direction of
reward function.
Offline training
Generally, following a similar process shown in chapter 3, we can perform offline training
for the above initialized policy network. Experience tuples, i.e. {~si , ~ai , Ri } (i = 1, 2, · · · ),
can be generated to save into the memory buffer. Note that one existing tuple will be
removed if the memory buffer reaches its capacity. Then, the gradient of reward function
with respect to network parameter θ can be calculated still using mini-batch method, shown
as below
5θ R(~s,~a)|~a=π(~s|θ ) ≈

1 N
∑ 5~aR(~s,~a)|~s=~si,~a=π(~si|θ ) 5θ π(~si|θ ).
N i=1

(4.37)

Accordingly, the parameter of the policy network can be updated to
θ ← θ + ξ 5θ R(~s,~a)|~a=π(~s|θ ) ,

(4.38)

where ξ denotes the learning rate of the policy network.
Similar to chapter 3, for performing random exploration, we add five Gaussian random
variables into corresponding output actions [109], respectively, i.e. vnSR , vTSC , vnRD , vPS and
vPSC . While noting that some constraints have to be strictly satisfied, the output actions of
the policy network can be denoted by the following formulas, i.e. Eq. (4.39)- Eq. (4.43).
In particular, nSR is denoted by
nSR = bmax{1, min{π(~s|θ )[1] + vnSR , BTC }}c,

(4.39)

where vnSR is a Gaussian random variable with the mean value of zero and the variance
value of σv2n . TSC is denoted by
SR

TSC = max{0, min{π(~s|θ )[2] + vTSC , TC − nSR /B}},

(4.40)
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where vTSC is a Gaussian random variable with the mean value of zero and the variance
value of σv2T . nRD is denoted by
SC

nRD = bmax{1, min{π(~s|θ )[3] + vnRD , BTC − nSR − BTSC }}c,

(4.41)

where vnRD is a Gaussian random variable with the mean value of zero and the variance
value of σv2n . PSC is denoted by
RD

PSC = max{PSCmin , min{π(~s|θ )[4] + vPSC , Pmax }},

(4.42)

where vPSC is a Gaussian random variable with the mean value of zero and the variance
value of σv2P . Here, PSCmin can be derived from the constraint of H/nRD < log2 (1 + γD ),
SC

equal to

ab
2
|~hSR |

−

a
2

|~hSR |

ln(

PH (1+exp(ab))
H

PH +exp(ab)σ 2 (2 nRD −1)nRD /(B|hRD |2 TSC )

− 1). PS is denoted by

PS = max{PSmin , min{π(~s|θ )[5] + vPS , Pmax }},

(4.43)

where vPS is a Gaussian random variable with the mean value of zero and the variance value
of σv2P . Here, PSmin can be derived from the constraint of H/nSR < log2 (1 + γR ), equal to
S

2

h~SR .
Likewise, at the end of each iteration, the exploration variances of all output actions
will be reduced by a factor of β ranging from 0 to 1.
The pseudo code of offline training is shown as Algorithm 3. After a certain amount of
training iterations, the actor network can be well trained for the online operation. Note that
as mentioned in chapter 3, the model is not necessarily convergent to optimal performance
after one training session. Accordingly, we still need to repeat offline training around three
times and pick the resulting model with highest average reward.

(2H/nSR − 1)σ 2 /

Online tuning
During the online operation, the source and the relay can use well-trained actor network
to determine near-optimal transmission parameters in real time. However, as illustrated in
chapter 3, since the models used for offline training may have some deviations from real
models, well-trained actor network still needs to be further tuned for better adapting to the
real environment. Generally, we can still follow a similar process, presented in chapter 3,
to perform online tuning for offline trained policy. More specifically, the BS can collect
online experience and use them to update the policy network. The critic network with the
parameter of µ, used for approximating online reward function, is denoted by Q(~s,~a|µ),

85

Algorithm 3 The pseudo code of offline training
Initialize the policy network and all parameters.
for t ∈ [1, 2, · · · , T ] do
Generate a state information vector ~st .
Feed the ~st to the policy network for obtaining an action vector ~at as Eq. (4.40)Eq. (4.43).
Calculate corresponding reward value Rt based on given ~st and ~at .
Save this state-action-reward tuple {~st , ~at , Rt } into the memory buffer, and randomly
remove one existing tuple if necessary.
Randomly extract N state-action-reward tuples {~si , ~ai , Ri } (i = 1, 2, · · · , N) from the
memory buffer to update the parameter set of the policy network as Eq. (4.37) and
Eq. (4.38).
Update exploration variances for all output actions by multiplying a factor of β .
end for

Figure 4.10: Deep critic network for approximating the reward during online operation.
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as shown in Fig. 4.10. Such critic network can be constructed through supervised learning
using offline experience, and then gradually updated using online experience. Note that
since the gradient operation of offline reward function may be NAN in terms of some
training data, the critic network is also employed to approximate the reward function during
offline training.
According to the descriptions in chapter 3, in each tuning step, the source can collect
0
N online state-action-reward tuples {~si , ~ai , R0i } (i = 1, 2, · · · , N 0 ) from memory buffer
and use them to update the critic network, shown as follows
0

ρ N
µ ← µ + 0 ∑ (R0i − Q(~si ,~ai |µ)) 5µ Q(~si ,~ai |µ).
N i=1

(4.44)

Here, ρ denotes the learning rate of the critic network. Then, we further update the parameter of the policy network to
0

ξ N
θ ← θ + 0 ∑ 5~a Q(~s,~a|µ)|~s=~si ,~a=π(~si |θ ) 5θ π(~si |θ ).
N i=1

(4.45)

Here, ξ still denotes the learning rate of the policy network within the process of online tuning. On the other hand, as mentioned before, well-trained policy network should be already
close to near-optimal performance. As such, after only a few tuning steps, offline trained
policy model has a good chance to arrive at the near-optimal model of real environment.
The pseudo code of online tuning is presented as Algorithm 4.
Algorithm 4 The pseudo code of online tuning
Input the critic network and well-trained actor network
for collecting N 0 online experience tuples do
Update the parameter of the critic network using Eq. (4.44).
Update the parameter of the actor network using Eq. (4.45).
end for

4.3.3

Numerical results

In this section, we present some numerical examples to illustrate the effect of our proposed
solution. The values of system parameters used in simulation are shown as Table I. The
size of memory buffer is set to 10000, the size of online/offline mini-batch is set to 100,
σn2SR is set to 600, σn2RD is set to 600, σT2SC is set to 1.5, σP2S is set to 2.7, σP2SC is set to 2.7,
β is set to 0.9995, ξ is set to 0.0000005, ρ is set to 0.05, PH is set to 1 watt, a and b are
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Table 4.2: System parameters of relaying transmission with generalized transmission and
EH models.
Parameter
H
σ2
B
PC
Pmax
η

Meaning
Value
Transmitted data amount
2000 bits
Average noise power
10−5 mWatt
Channel bandwidth
200 KHz
Circuit power consumption
10 mWatt
Peak power
500 mWatt
DC energy conversion efficiency 0.8
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Figure 4.11: The time-averaged reward during the offline training.
both set to 1. Note that the initial parameter of deep networks are all randomly generated
prior to offline training. In terms of the actor network, there are three hidden layers, where
the number of neurons is 98, 80 and 78, respectively. Note that we approximately use the
same number of tanh functions and relu functions as the activation functions in the hidden
layers. As for the critic network, there is only one hidden layer with 128 neurons, where
relu function is employed as the activation function.
Fig. 4.11 presents the time-average reward, over 100 training steps, as the function of
the number of iteration step for different training sessions. We see that the reward converges
to different values in different training sessions, where the initial fluctuation of curves is
mainly caused by random exploration. We can also observe that even with random exploration, the offline training may converge to the local optimal solution, shown as the first
training session. Note that we usually select the actor network with highest average reward
as the final well-trained model.
Fig. 4.12 presents the effective energy consumption of the source as the function of
channel power gain gRD = |hRD |2 for exhaustive search, DRL based method, and gradient
2
ascent, where gSR = ~hSR is set to −10 dB. The result from gradient ascent is obtained
after several gradient operations, in which corresponding initial points are randomly generated. As expected, we observe that the effective energy consumption decreases when
channel power gain gRD increases, and the result of DRL based method is very close to
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Figure 4.12: Effective energy consumption for different algorithms. (TC = 25 ms)
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Figure 4.13: The successful block transmission rate.
that of exhaustive search. Accordingly, near optimal performance has been achieved by
our proposed approach. Also, we see that the method of gradient ascent has the worst
performance as compared to other two algorithms. While noting that the computational
complexity is very high for gradient ascent and exhaustive search, they are not suitable
for determining optimal transmission parameters in real time. Since there is not any online iterative calculation, we can show that DRL based method is a better option for IoT
applications.
Fig. 4.13 presents the successful block transmission rate as the function of channel
power gain gRD for different latency requirements, where gSR is set to −10 dB. As expected by our intuition, a more stringent latency constraint will considerably decrease the
successful transmission rate, in particular for poor channel quality.
Fig. 4.14 presents the effective energy consumption as the function of the number of
online tuning steps with and without online tuning. Average noise power σ 2 , EH parameter
a, and circuit power consumption are set to 1 × 10−5 mW, 1, and 10 mW within the offline
training, while they are set to 2 × 10−5 mW, 1.5, and 30 mW within the online operation.
We see that the effective energy consumption is considerably reduced after online tuning
since accurate model parameters are used into the updation of the actor network. Additionally, a higher number of tuning steps can lead to better effect. Accordingly, we can show
that online tuning can effectively improve the performance of the policy network for better
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adapting to the real environment.

4.4

Conclusion

In this chapter, we investigate the energy consumption of relaying transmission with wireless powered transfer from a session-specific perspective. Under ideal rate adaptive transmission with piecewise linear energy harvesting, in terms of both TS and PS modes, we
analyzed and optimized the energy consumption of such system for transmitting a fixed
amount of data. We derived the closed-form expressions of all optimal parameters with
and without latency constraint. Under finite block-length transmission with nonlinear energy harvesting, we apply DRL-based method to obtain a policy model for determining
the near-optimal transmission parameters in real time during the online operation. Selected
numerical results are presented to illustrate various design tradeoffs for such system. Based
on our analysis and proposed approach, transmitter can effectively determine near-optimal
transmission parameters with low computation complexity and latency, for minimizing the
energy consumption, during the process of practical wireless relaying transmissions. As
such, they will greatly facilitate the design of green wireless relaying transmission system
for advanced IoT.
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Chapter 5
Conclusion and Future Work
5.1

Conclusion

In this thesis, we analyzed and minimized the energy consumption of three IoT transmission scenarios from an individual transmission perspective, i.e. point-to-point transmission,
data collection from wirelessly-powered sensor, and relaying transmission with wireless
power transfer. For point-to-point transmission scenario, we followed a data oriented approach to optimize the energy consumption of a specific transmission session for ideal CPA
and CRA schemes. The resulting EOR was also derived for both schemes. These results
establish the limits of energy consumption for wireless transmissions over fading channels.
For sensor data collection scenario, we optimized the transmission parameters to reduce
the energy consumption of the agent. We derive the closed-form expressions of all optimal
transmission parameters under ideal adaptive rate transmission with linear energy harvesting. Under practical finite block-length transmission with nonlinear energy harvesting, we
propose a DRL-based method to train and adjust a deep policy network to determine the
near-optimal transmission parameters in real time for the online operation of the agent. For
relaying transmission with wireless power transfer scenario, we minimize the energy consumption of the source node through optimizing transmission parameters. Under ideal rate
adaptive transmission with piecewise linear energy harvesting, we derive the closed form
expressions for all optimal transmission parameters. Subsequently, the problem is again
extended to finite block-length transmission with nonlinear energy harvesting, where we
again apply DRL to train and tune a deep policy network to determine optimal transmission parameters for the online operation of source node.
With our proposed DRL-based approach, we can construct a complicated model for
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a real communication system, and use it to train an optimal offline policy model. Then,
obtained offline policy can be further tuned using real operation experience for arriving
at higher accuracy. Accordingly, optimal parameter configurations for real-time wireless
transmissions can be effectively designed to diminish consumed energy.

5.2

Future work

Over the past several years, I have performed much work on investigating the method for
minimizing the energy consumption of link-level transmissions, i.e. point-to-point transmission and cooperative relaying transmission. However, optimal design for the network
level transmissions has not be well investigated yet and as such, I plan to extend my research to learning based multi-tier heterogeneous communication network. The system
configuration is shown as Fig. 5.1.
With the fast development of wireless communications, more and more energy will
be consumed for numerous services, e.g. the exchange of large volume of data among a
ever-increasing amount of users. Note that the cellular network, as an important architecture of communication technology, needs to consume a large amount of energy in real
applications [133]. As such, the investigation, for enhancing the energy efficiency of communication networks, attracted a lot of attentions from both academia and industry over the
past decade. The work in [134] proposed a statistical performance metric, i.e. generalized
area spectral efficiency (GASE), to quantify the spectral utilization efficiency and energy
efficiency for wireless transmissions. The work in [135] applied the metric of GASE to
evaluate the energy efficiency performance of a wireless ad-hoc network with poisson distributed nodes, where co-channel interference was taken into account. However, energy
efficiency was not optimized in the above two literatures. The work in [136] considered
a heterogeneous cellular network with involving information decoding (ID) femto users
(FUs) and energy harvesting FUs, where the scheme of transmit power allocation, under
two beamformers, was optimized for maximizing the efficiency of energy harvesting and
information transmission. The work in [137] studied and proposed energy and radio allocation mechanisms for enhancing the energy efficiency of cellular networks supplied with
hybrid energy sources. The work in [138] considered device-to-device (D2D) communications underlying cellular networks, where an energy-efficient downlink resource reuse
strategy was proposed to maximize the total energy efficiency of all D2D links under QoS
constraints. Worthy of noting that fairness was not considered in the optimization of energy
efficiency for the above [136–138]. To our best knowledge, in terms of multi-tier heteroge-
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neous cellular network, fairness based analysis and maximization for the energy efficiency
has not been investigated yet. I plan to solve such challenging research problem in the
coming months.

Figure 5.1: Two-tier heterogeneous cellular network.
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Appendix A
The derivation process for Eq. (2.8)
The energy outage with CRA while using optimal transmit power occurs when
(Pc − Ng0 B ) H Bln 2
W0 [ N0gBe (Pc − Ng0 B )]

≥ Eth .

(A.1)

Noting that W0 [·] is always greater than −1, as illustrated in Fig. A.1, we can infer that
energy outage will always occur if
(Pc −

N0 B H ln 2
)
≤ −Eth ,
g
B

(A.2)

g≤

N0 B
.
Pc + BEth /(H ln 2)

(A.3)

or equivalently,

When

N0 B
Pc +BEth /(H ln 2)

<g≤

(Pc −

N0 B
Pc ,

energy outage occurs if and only if

N0 B H ln 2
g
N0 B
)
≥ W0 [
(Pc −
)].
g BEth
N0 Be
g

(A.4)

Note that W0 [.] function is a monotonically increasing function. By some manipulations,
we update Eq. (A.4) to
(−

HN0 ln 2
HN0 ln 2
HPc ln 2
) exp(−
) ≤ − exp(−
)/e.
gEth
gEth
BEth

(A.5)

c ln 2
Since −1/e < − exp(− HP
BEth )/e < 0, we can rewrite the above inequality, while referring

97

2

1

0
W[x]
-1

-2

-3

-4
-0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

X

Figure A.1: The diagram for derivation of EOR of CRA with optimal power.
to Fig. A.1, to
W−1 [− exp(−

HPc ln 2
HN0 ln 2
HPc ln 2
)/e] ≤ −
≤ W0 [− exp(−
)/e],
BEth
gEth
BEth

(A.6)

where W−1 [·] denotes the negative branch of Lambert W function [85].
When g > NP0cB , we can also follow a similar process to show that energy outage occurs
if and only if Eq. (A.6) holds.
Combining results above, the energy outage of CRA with optimal transmit power occurs when either
−HN0 ln 2

g ≤ min{

−HN0 ln 2

,

(A.7)

N0 B
HN0 ln 2
, −
}.
c ln 2
Pc + BEth /(H ln 2)
EthW−1 [− exp(− HP
)/e]
BEth

(A.8)

c ln 2
EthW−1 [− exp(− HP
BEth )/e]

or

≤g≤

c ln 2
EthW0 [− exp(− HP
BEth )/e]

As such, the corresponding EOR can be calculated using the CDF of the channel power
gain g as in (2.8).
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Appendix B
Lambert W Function
In this appendix, we mainly illustrate the property of Lambert W function. It will be helpful
for readers to better understand the theoretical derivations in this proposal. By assuming
x = yey , we can write y as a function of x, shown as follows
y = W [x],

(B.1)

where W [·] denotes the Lambert W function. Fig. B.1 presents the curves of this function with respect to x. We can see the principal branch function W0 [x] and negative branch
function W−1 [x], where W0 [x] is a monotonically increasing function and W−1 [x] is a monotonically decreasing function. Also, we observe that the domain of W [·] is from − exp(−1)
to +∞, W0 [x] is always greater than −1, and W−1 [x] is always less than −1. Note that
with this function, there are two function values corresponding to one real variable for
x > − exp(−1).
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