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Figure 6. Visual quality comparison on test image Lenna for various measurement structures. Note:
the block-size pair of LA is (8, 16).
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Figure 7. Visual quality comparison on test image Lenna for LA structures with various block-size
pairs when the subrate is 0.1.

4.2. Objective Evaluation

Table 2 presents the average encoding time of various structures on all test images when setting
different subrates. WH and PA have a high execution time at any subrate, and their average time is
respectively 31.74 and 36.05 ms on all subrates. BL, RA, and LA have a low execution time, among
which RA does the best with only 10.86 ms on all subrates. Table 3 presents the average decoding
time of various structures on all test images at different subrates. We can see that, the decoding time
of WH is much longer than those of other structures, indicating that the non-linear recovery brings
a heavy burden for WH. Due to linear recovery, BL, RA, PA, and LA all have a low decoding time,
especially for LA, with only 6.03 ms at all subrates. Tables 2 and 3 both considered, we can see that
LA is a good structure for green IoT because it guarantees a low complexity at both encoder and
decoder. Figure 8 shows average time-distortion and rate-distortion curves on test images for various
measurement structures. It can be seen that, WH and PA have a poor time-distortion performance due
to high encoding time, the time-distortion performance of BL is close to that of LA, and RA works the
best among all structures. As for rate-distortion performance, WH and PA perform poorly, and LA
works the best among all structures. Although RA has a good time-distortion performance, it produces
more bits than LA. Figure 9 shows average time-distortion and rate-distortion curves on test images
for LA structures with various block-size pairs. It can be seen that the rate-distortion performance
can be significantly improved when block size By of measuring is much smaller than block size B, of
recovery, but different block-size pairs have little impact on time-distortion performance. To sum up,
LA can save more bits while keeping both a low encoding time and a good recovery quality. Given the
positive relation between encoding time and energy consumption, LA is the most suitable one among
all structures for Green IoT from the objective view.

Table 2. Execution time (ms) of encoder for various measurement structures.

Subrate 0.1 0.2 0.3 0.4 0.5 Average
WH 30.68 31.17 31.57 31.97 33.28 31.74
BL 16.09 16.63 17.46 18.57 19.52 17.65
RA 6.82 8.57 10.69 12.91 15.31 10.86

PA 33.01 35.72 36.06 37.36 38.12 36.05
LA 16.66 17.37 18.46 19.31 20.41 18.44

Note: the block-size pair of LA is (8, 16).
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Table 3. Execution time (ms) of decoder for various measurement structures.

Subrate 0.1 0.2 0.3 0.4 0.5 Average
WH 122 x 10°  1.00 x 10°  0.65 x 10° 052 x 10° 031 x10°  0.74 x 10°
BL 10.12 10.21 10.16 10.14 10.33 10.19
RA 5.67 7.92 8.66 10.05 12.88 9.04
PA 21.18 21.71 21.92 21.72 21.59 21.62
LA 5.39 5.69 6.03 6.51 6.54 6.03

Note: the block-size pair of LA is (8, 16).
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Figure 8. Average time-distortion and rate-distortion curves on test images for various measurement

structures. Note: the block-size pair of LA is (8, 16).
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Figure 9. Average time-distortion and rate-distortion curves on test images for LA structures with
various block-size pairs.

4.3. Effects of Measurement Matrices

In this section, we present the effects of different measurement matrices on the performance of
BL, RA, PA, and LA. We select two classic measurement matrices, Gaussian matrix and permuted fast
Fourier transform (PFFT) matrix [30], and two hardware-friendly matrices, +Bernoulli matrix [31] and
DCT-based SRM [19]. To ensure a fair comparison, all structures use linear algorithm to reconstruct
test images. Table 4 presents the average encoding time of various structures on all test images at all
subrates using different measurement matrices. It can be seen that, no matter which matrix is used,
RA costs less encoding time than other structures, PA requires the most time among all structures, and
BL and LA have a moderate encoding complexity. For any structure, the encoding time varies slightly
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even when different matrices are used. Table 5 presents the average PSNR values of various structures
on all test images at all subrates using different measurement matrices. It can be seen that LA gets
higher PSNR values than others regardless of matrix used. For any structure, Gaussian matrix provides
higher PSNR values than others, and +Bernoulli and SRM matrices have a little PSNR degradation
compared with Gaussian matrix. We can find from the above that both encoding time and imaging
quality considered, LA provides a good balance for any measurement matrix, and £Bernoulli and SRM
matrices have little effect on the performance of different structures compared with Gaussian matrix.
In order to make LA hardware-friendly, therefore, Gaussian matrix can be replaced with £Bernoulli
and SRM matrices.

Table 4. Average execution time (ms) of encoder for different structures using different measurement

matrices.
Gaussian PFFT +Bernoulli SRM
BL 17.65 18.35 18.14 18.17
RA 10.86 11.13 10.67 10.66
PA 36.05 34.23 33.11 33.28
LA 18.44 18.71 18.14 18.61

Note: the block-size pair of LA is (8, 16).

Table 5. Average PSNR values (dB) for different structures using different measurement matrices.

Gaussian PFFT +Bernoulli SRM
BL 27.28 25.70 26.88 26.69
RA 26.94 16.22 26.92 26.94
PA 24.63 24.22 24.38 24.24
LA 27.82 26.09 27.53 27.48

Note: the block-size pair of LA is (8, 16).

4.4. Effects of Recovery Algorithms

In this section, we present the effects of different recovery algorithms on the performance of
different structures. All structures use DCT-based SRM to measure test images. The four recovery
algorithms, namely GPSR, orthogonal matching pursuit (OMP) [32], Bayesian recovery [33], and linear
recovery, are used to reconstruct test images. To ensure good performance of non-linear algorithms,
the block size is set to be 32 for BL and PA, and the block-size pair of LA is set to be (32, 64). Table 6
presents the average decoding time of different structures on all test images at all subrates using
different recovery algorithms. We can see that non-linear algorithms cost far more decoding time
than linear algorithm for any structure, and LA costs more decoding time than BL, RA, PA, for
linear algorithm, indicating that linear algorithm has a light computational burden compared with
non-linear algorithms, and LA increases the decoding computation. Table 7 presents the average PSNR
values of different structures on all test images at all subrates using different recovery algorithms.
It can be seen that linear algorithm provides higher PSNR values than non-linear algorithms for any
structure, especially that LA cooperated with linear recovery achieves the highest PSNR value. From
the above, we can find that linear algorithm is more suitable for BL, RA, PA, and LA in terms of either
computational complexity or objective quality, and LA can improve the recovery quality at the cost of
some computational burden increase.
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Table 6. Average execution time (ms) of decoder for different measurement structures using different
recovery algorithms.

GPSR OoMP Bayesian Linear
WH 7.44 x 10* - - -
BL 9.34 x 10* 5.57 x 103 6.26 x 10* 114.36
RA 9.00 x 10* 5.56 x 10° 6.64 x 104 127.11
PA 1.14 x 10° 2.99 x 103 7.73 x 10% 71.97
LA 5.32 x 10° 1.70 x 10° 2.14 x 10° 3.94 x 10°

Note: due to the unavailability of function handle, OMP, Bayesian and linear algorithms cannot be used for WH.

Table 7. Average PSNR values (dB) for different measurement structures using different recovery

algorithms.
GPSR OMP Bayesian Linear
WH 25.08 - - -
BL 2293 23.07 24.13 28.01
RA 19.80 20.63 21.63 26.94
PA 21.03 21.61 21.57 25.44
LA 23.04 23.32 24.47 28.12

Note: due to the unavailability of function handle, OMP, Bayesian and linear algorithms cannot be used for WH.

5. Conclusions

In this paper, we have reviewed two traditional measurement structures of image CS, i.e., WH
and BL, and propose three potential structures for Green IoT, i.e., RA, PA, and LA. As a straightforward
structure, WH stores CS measurements of a whole image at a time, but must use SRM to measure and
recover image in order to avoid the huge storage and computations. BL organizes CS measurements
block by block, with high energy efficiency and low storage, but it produces serious blocking artifacts
at the low subrate. By replacing non-overlapping block in BL with raster and overlapping block,
RA and PA can remove blocking artifacts, though bringing other problems. LA splits image into
small blocks, and re-organizes these measurements of small blocks into those of large ones. Since
small block improves the efficiency of predictive quantization, and large block enhances the recovery
quality, LA can efficiently suppress blocking artifacts. We perform several experiments to evaluate
the subjective and objective performances of all structures. At a low subrate, by setting a proper
block-size pair, LA almost eliminates blocking artifacts, and provides better visual quality than
other structures. It shows good time-distortion and rate-distortion performances, especially for
rate-distortion performance, it can significantly improve it by setting a large block size of recovering.
Both subjective and objective evaluation considered, it can be seen that LA is the most suitable for
green IoT among structures.

This paper only presents an exploratory research, and there are many intriguing questions that
future work should consider. For instance, for PA, a patch overlaps its neighbors, so we can design
more efficient recovery algorithm by using the correlation among patches. Also, parallel computing
can be adopted to speed up the linear recovery for LA.

Author Contributions: R.L. contributed to the concept of the research, performed the data analysis and wrote
the manuscript; X.D. helped perform the data analysis with constructive discussions and helped performed the
experiment. Y.L. revised the manuscript, and provided the necessary support for the research.

Funding: This work was supported in part by the National Natural Science Foundation of China, under
grant nos. 61501393 and 61572417, in part by Nanhu Scholars Program for Young Scholars of Xinyang Normal
University, and in part by Innovation Team Support Plan of University Science and Technology of Henan Province
(no. 19IRTSTHNO014).

Conflicts of Interest: The authors declare no conflict of interest.

285



Sensors 2019, 19, 102

References

1. Baraniuk, R.G.; Goldstein, T.; Sankaranarayanan, A.C.; Studer, C.; Veeraraghavan, A.; Wakin, M.B. Compressive
video sensing: Algorithms, architectures, and applications. IEEE Signal Process. Mag. 2017, 34, 52-66. [CrossRef]

2. Cande, E.J.; Wakin, M.B. An introduction to compressive sampling. IEEE Signal Process. Mag. 2008, 25, 21-30.
[CrossRef]

3. Mun, S,; Fowler, J.E. Motion-compensated compressed-sensing reconstruction for dynamic MRI
In Proceedings of the 2013 IEEE International Conference on Image Processing, Melbourne, Australia,
15-18 September 2013; pp. 1006-1010.

4. Li, C;Sun, T; Kelly, KE; Zhang, Y. A compressive sensing and unmixing scheme for hyperspectral data
processing. IEEE Trans. Image Process. 2012, 21, 1200-1210. [PubMed]

5. Wu, J; Liu, E; Jiao, L.C,; Wang, X. Compressive sensing SAR image reconstruction based on Bayesian
framework and evolutionary computation. IEEE Trans. Image Process. 2011, 20, 1904-1911. [CrossRef]
[PubMed]

6. Bevacqua, M.T.; Crocco, L.; Donato, L.D.; Isernia, T. Non-linear inverse scattering via sparsity regularized
contrast source inversion. IEEE Trans. Comput. Imaging 2017, 3, 296-304. [CrossRef]

7.  Bevacqua, M.T,; Isernia, T. Boundary indicator for aspect limited sensing of hidden dielectric objects.
IEEE Geosci. Remote Sens. Lett. 2018, 15, 838-842. [CrossRef]

8. Morabito, A.F. Synthesis of maximume-efficiency beam arrays via convex programming and compressive
sensing. IEEE Antennas Wirel. Propag. Lett. 2017, 16, 2404-2407. [CrossRef]

9. Morabito, A.F; Rocca, P. Reducing the number of elements in phase-only reconfigurable arrays generating
sum and difference patterns. IEEE Antennas Wirel. Propag. Lett. 2015, 14, 1338-1341. [CrossRef]

10. Arshad, R.; Zahoor, S.; Shah, M.A.; Wahid, A.; Yu, H. Green IoT: An investigation on energy saving practices
for 2020 and beyond. IEEE Access 2017, 5, 15667-15681. [CrossRef]

11. Hu, ], Luo, J.; Zheng, Y.; Li, K. Graphene-grid deployment in energy harvesting cooperative wireless sensor
networks for Green IoT. IEEE Trans. Ind. Inform. 2018. [CrossRef]

12.  Colonnese, S.; Biagi, M.; Cattai, T.; Cusani, R.; De Vico Fallani, F.; Scarano, G. Green compressive sampling
reconstruction in IoT networks. Sensors 2018, 18, 2735. [CrossRef] [PubMed]

13. Chen, P; Ahammad, P; Boyer, C.; Huang, S.I.; Lin, L.; Lobaton, E.; Meingast, M.; Oh, S.; Wang, S.;
Yan, P; et al. CITRIC: A low-bandwidth wireless camera network platform. In Proceedings of the ACM/IEEE
International Conference on Distributed Smart Cameras, Stanford, CA, USA, 7-11 September 2008; pp. 1-10.

14. Asif, M.S.; Fernandes, F.; Romberg, J. Low-complexity video compression and compressive sensing.
In Proceedings of the 2013 Asilomar Conference on Signals, Systems and Computers, Pacific Grove, CA,
USA, 3-6 November 2013; pp. 579-583.

15. Figueiredo, M.A.T.; Nowak, R.D.; Wright, S.J. Gradient projection for sparse reconstruction: Application to
compressed sensing and other inverse problems. IEEE |. Sel. Top. Signal Process. 2007, 1, 586-597. [CrossRef]

16. Bioucas-Dias, ].M.; Figueiredo, M.A.T. A new TwIST: Two-step iterative shrinkage/thresholding algorithms
for image restoration. IEEE Trans. Image Process. 2007, 16, 2992-3004. [CrossRef]

17.  Becker, S.; Bobin, J.; Candes, E.J. NESTA: A fast and accurate first-order method for sparse recovery. SIAM J.
Imaging Sci. 2011, 4, 1-39. [CrossRef]

18. Beck, A.; Teboulle, M. A fast iterative shrinkage-thresholding algorithm for linear inverse problems.
SIAM |. Imaging Sci. 2009, 2, 183-202. [CrossRef]

19. Do, T.T,; Gan, L.; Nguyen, N.H.; Tran, T.D. Fast and efficient compressive sensing using structurally random
matrices. IEEE Trans. Signal Process. 2012, 60, 139-154. [CrossRef]

20. Zhang, P; Gan, L.; Sun, S.; Ling, C. Modulated unit-norm tight frames for compressed sensing. IEEE Trans.
Signal Process. 2015, 63, 3974-3985. [CrossRef]

21. Hsieh, S.H,; Lu, C.S,; Pei, S.C. Compressive sensing matrix design for fast encoding and decoding via sparse
FFT. IEEE Signal Process. Lett. 2018, 25, 591-595. [CrossRef]

22.  Gan, L. Block compressed sensing of natural images. In Proceedings of the 2007 15th International Conference
on Digital Signal Processing, Cardiff, UK, 1-4 July 2007; pp. 403-406.

23.  Mun, S.; Fowler, J.E. Block compressed sensing of images using directional transforms. In Proceedings

of the 2009 16th IEEE International Conference on Image Processing, Cairo, Egypt, 7-10 November 2009;
pp- 3021-3024.

286



Sensors 2019, 19, 102

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Yu, Y.; Wang, B.; Zhang, L. Saliency-based compressive sampling for image signals. IEEE Signal Process. Lett.
2010, 17, 973-976.

Zhang, ]J.; Xiang, Q.; Yin, Y.; Chen, C.; Luo, X. Adaptive compressed sensing for wireless image sensor
networks. Multimedia Tools and Applications. Multimed. Tools Appl. 2017, 76, 4227-4242. [CrossRef]

Mun, S.; Fowler, J.E. DPCM for quantized block-based compressed sensing of images. In Proceedings of the
2012 Proceedings of the 20th European Signal Processing Conference, Bucharest, Romania, 27-31 August
2012; pp. 1424-1428.

Wang, L.; Wu, X,; Shi, G. Binned progressive quantization for compressive sensing. IEEE Trans. Image Process.
2012, 21, 2980-2990. [CrossRef] [PubMed]

Dinh, K.Q.; Shim, H.J.; Jeon, B. Measurement coding for compressive imaging using a structural measuremnet
matrix. In Proceedings of the 2013 IEEE International Conference on Image Processing, Melbourne, Australia,
15-18 September 2013; pp. 10-13.

Gao, X.; Zhang, J.; Che, W.; Fan, X.; Zhao, D. Block-based compressive sensing coding of natural images by
local structural measurement matrix. In Proceedings of the 2015 Data Compression Conference, Snowbird,
UT, USA, 7-9 April 2015; pp. 133-142.

Duarte, M.; Wakin, M.; Baraniuk, R. Fast reconstruction of piecewise smooth signals from incoherent
projections.  Presented at the Workshop on Signal Processing with Adaptive Sparse Structured
Representations, Rennes, France, 16-18 November 2005; pp. 1-4.

Baraniuk, R.; Davenport, M.; DeVore, R. A simple proof of the restricted isometry property for random
matrices. Constr. Approx. 2008, 28, 253-263. [CrossRef]

Tropp, J.A.; Gilbert, A.C. Signal recovery from random measurements via orthogonal matching pursuit.
IEEE Trans. Inf. Theory 2007, 53, 4655-4666. [CrossRef]

Ji, S.; Xue, Y.; Carin, L. Bayesian compressive sensing. IEEE Trans. Signal Process. 2008, 56, 2346-2356. [CrossRef]

® © 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
BY

(CC BY) license (http:/ /creativecommons.org/licenses /by /4.0/).

287



E SeNnsors ﬁw\n\py

Atrticle
Matching SDN and Legacy Networking Hardware for
Energy Efficiency and Bounded Delay *

Pablo Fondo-Ferreiro *¥, Miguel Rodriguez-Pérez ¥, Manuel Fernandez-Veiga
and Sergio Herreria-Alonso ¥

atlanTTic Research Center, University of Vigo, 36310 Vigo, Spain; miguel@det.uvigo.gal (M.R.-P.);

mvelga@det uvigo.es (M.E-V.); sha@det.uvigo.es (S.H.-A.)
Correspondence: pfondo@det.uvigo.es; Tel.: +34-986-818-684

1t This paper is an extended version of our paper published in Fondo-Ferreiro, P.; Rodriguez-Pérez, M.;
Ferndndez-Veiga, M. Implementing Energy Saving Algorithms for Ethernet Link Aggregates with ONOS.
In Proceedings of the 2018 Fifth International Conference on Software Defined Systems (SDS), Barcelona,
Spain, 23-26 April 2018 and Fondo Ferreiro, P.; Rodriguez Pérez, M.; Fernandez Veiga, M. QoS-aware
Energy-Efficient Algorithms for Ethernet Link Aggregates in Software-Defined Networks. In Proceedings of
the 9th Symposium on Green Networking and Computing (SGNC 2018), Split-Supetar, Croatia,
13-15 September 2018.

I These authors contributed equally to this work.

Received: 3 October 2018; Accepted: 8 November 2018; Published: 13 November 2018

Abstract: Both economic and environmental costs are driving much research in the area of the
energy efficiency of networking equipment. This research has produced a great amount of proposals.
However, the majority of them remain unimplemented due to the lack of flexibility of current
hardware devices and a certain lack of enthusiasm from commercial vendors. At the same time,
Software-Defined Networking (SDN) has allowed customers to control switching decisions with
a flexibility and precision previously unheard of. This paper explores the potential convergence
between the two aforementioned trends and presents a promising power saving algorithm that can
be implemented using standard SDN capabilities of current switches, reducing operation costs on
both data centers and wired access networks. In particular, we focus on minimizing the energy
consumption in bundles of energy-efficient Ethernet links leveraging SDN. For this, we build on
an existing theoretical algorithm and adapt it for implementing with an SDN solution. We study
several approaches and compare the resulting algorithms not only according to their energy efficiency,
but also taking into account additional QoS metrics. The results show that the resulting algorithm
is able to closely match the theoretical results, even when taking into account the requirements of
delay-sensitive traffic.

Keywords: energy-efficient Ethernet; QoS; SDN; real-time traffic; ONOS

1. Introduction

Nowadays, public concern about energy consumption of networking equipment is increasing
due to not only environmental reasons, but also economic ones. Inside data centers, the network
consumes up to 20% of its total power [1]. If we focus on wireless networks, the reduction of energy
consumption is also a Key Performance Indicator (KPI) according to the 5G Infrastructure Public
Private Partnership (5G-PPP) [2]. As a result, a wide range of solutions has been proposed to reduce
the energy consumption of networking equipment. However, many of these new techniques remain
unimplemented due to the lack of flexibility in current networks. For instance, some of the recent
proposals in the literature require changes to basic protocols, whereas others require changes to the
networking equipment [3-6].
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In parallel, the Software-Defined Networking (SDN) paradigm is being embraced by the
networking community. The SDN paradigm moves the forwarding logic from the devices themselves
to the SDN applications, which run on top of the logically-centralized controller. In these networks,
switches are just pure forwarding fabrics instructed by the SDN controller, and the network policies
are programmed through software applications, which run on top of the SDN controller. The flexibility
that this paradigm introduces has led to its extensive adoption in data centers. SDN is also deemed
as a key enabler technology for 5G networks [7]. The adoption of SDN in these networks is seen as
an opportunity to improve the energy efficiency of the communications infrastructure, overcoming the
limitations of current networks by virtue of its programmability and flexibility.

Energy-Efficient Ethernet (EEE) [8,9] is the standard for saving energy in Ethernet interfaces.
Despite the large savings in energy consumption achievable with EEE over single Ethernet links,
the overall consumption in Ethernet link aggregates is not proportional to the offered load and depends
largely on the actual traffic share among the links. In this paper, we adapt efficiently an analytical
solution to the problem of minimizing energy in bundles of EEE links by leveraging the operational
principles of SDN networks. Therefore, combining analysis with SDN capabilities, legacy switches
equipped with EEE line cards can run energy-aware traffic distribution algorithms even if the vendors
do not build support for them in the hardware/firmware. Specifically, we design, build and analyze
three energy-efficient SDN-compatible flow allocation algorithms from the point of view of energy
consumption, packet loss rate and transmission latency, both through simulations and also with an
implementation on top of the Open Network Operating System (ONOS) SDN controller. Since the
energy saving nature of the algorithms can make latency increase, we also consider traffic with different
QoS requirements. Subsequently, two different solutions are proposed to handle the low-latency traffic
while at the same time reducing the energy consumption. Our solutions are validated both through
extensive simulation experiments and by implementing the algorithms in ONOS.

This paper extends our previous work presented in [10,11] by discussing further the related work,
describing the solutions in detail, studying a new mechanism for estimating the rate of each flow
and providing a thorough analysis of the algorithms. The rest of the paper is organized as follows.
Section 2 introduces the related work. We describe our proposal for minimizing energy consumption
in Section 3. Section 4 shows the QoS-aware algorithms. Results are discussed in Section 5. Finally,
we draw some conclusions in Section 6.

2. Related Work

The advantages offered by SDN networks for advanced traffic management have been the subject
of study of prior works that helped to understand the best way to use SDN for spending less energy.
In [12], the authors carried out a survey on energy efficiency, identifying which components involved
in the SDN networks can be configured in a dynamic way in order to reduce energy usage. Most of the
solutions analyzed rely on re-routing the flows in the network so that the number of active switches is
minimized. Thus, these devices can be put in a low-energy state or eventually turned off, reducing
the power consumption of the network. These proposals are termed traffic-aware, since they need to
know the traffic load that is currently passing through the network. The use of the centralized view of
the topology provided by the SDN controller is a key assumption in this approach.

GreenSDN [13] is an emulation environment built using Mininet and POX, which is
a Python-based SDN controller. The authors summarized the difficulties they found implementing
an SDN environment with green capabilities. They presented an integration of three energy-saving
protocols operating at different layers: adaptive link rate operating at the chip level, synchronized
coalescing working at the node level and the sustainability-oriented network management system,
which considers the whole topology to maintain the balance between QoS and energy savings.
Particularly relevant to this paper is the mechanism proposed at the node level, which also exploits
the Low Power Idle (LPI) state defined in the IEEE 802.3az standard. Nevertheless, GreenSDN does
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not consider setting individual ports in low power idle mode when the traffic traverses an aggregate
between switches.

The energy-efficient flow routing problem is formulated in [14] as an optimization problem
and solved with a heuristic—named the Energy Monitoring and Management Application
(EMMA)—which aims to concentrate the traffic on the smallest possible set of nodes in the whole
topology, so that the number of idle switches is maximized. EMMA is implemented as an ONOS
application and evaluated in a network emulated through Mininet. The solution requires that the
flows have previously declared their demanded rates. Thereby, when a new flow arises, EMMA tries
to allocate all the active flows in the subset of the network topology that is currently active. If the active
topology cannot support the flows, a new allocation for the whole network topology is computed.
Analogously, when a flow is removed, EMMA attempts to re-route existing flows so that energy
consumption of the network diminishes.

ElasticTree [1] and ECODANE [15] present solutions focused on data center networks, exploiting
the redundancy in their internal switching networks and the variability in the workload that the data
center must support over time. ElasticTree is a heuristic algorithm that adjusts the set of active devices
to gauge the changes in the traffic load. The heuristic was validated over a testbed composed of
production OpenFlow switches, using real traffic traces from an e-commerce website, saving up to 50%
of energy. In ECODANE, an emulation framework, is built around Mininet and NOX, composed of
five modules: the optimizer, which is in charge of determining the minimum subset of the topology
that needs to be active, the power control module that manages the power states of the switches,
the forwarding module that manages the flow rules installed in the switches to forward the traffic,
the traffic generator, which generates the traffic to perform simulations, and the data center network
itself. Their results obtained between a 10% and 35% energy reduction, depending on the source
and destination of the traffic. However, none of these two solutions considers the characteristics
of EEE links to reduce their energy consumption or explore the particular case of link aggregates
between switches.

There is a clear line of work dedicated to exploring the interactions between resource
activation/deactivation, routing decisions and energy savings. Early works focused on powering
down redundant resources, e.g., switches and links, to reduce energy consumption during periods
with low load. Some examples of these early works are [3,16-18], where the authors studied the energy
savings obtained by link aggregation in metropolitan optical networks. All of these proposed different
formulations to obtain the proper set of nodes to keep active, but only under the assumption of on-off
power profiles in the devices. There is also research considering other more advanced link power
profiles. For instance, transmission links with super-linear cost functions were studied in [19] with
the goal of calculating the maximum power savings. New insights were provided in [20], after it was
demonstrated that traffic consolidation can increase energy consumption for certain power profiles.
The main problem with all these proposals was their high complexity, since the energy minimization
problem is NP-complete [5]. Accordingly, a number of proposals in the literature resorted to heuristics
for solving the problems. For instance, reference [21] took advantage of genetic algorithms to get close
to the optimum, and [22] provided a heuristic based on particle swarm optimization. In general, these
works overlook the problems derived from the practical implementation of the algorithmic results.
Finally, only [23] reformulated the energy-saving problem considering an SDN-capable network and
extended the problem to consider the usage of network function virtualization, so that computing
tasks can also be moved across the network to enable greater energy savings.

A common feature of the prior works is that the underlying algorithms operate in relatively long
time frames, and so, their response can be slow. Moreover, they address a network flow allocation
problem, globally. In contrast, we focus on flow allocation in a single-link aggregate between two
switches (see [6], which is the theoretical basis of this paper), and our techniques work in much
shorter timescales, in the order of a single frame transmission. It was found therein that the optimum
minimum-energy allocation of flows into a bundle of EEE links turns out to follow a water filling
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policy for typical consumption profiles, as explained in [6]. That is, a new port will only be used to
transmit a packet if the packet cannot be transmitted by any of the ports already being used, since
they are operating at its full capacity. This result holds for the main classes of mechanisms used to
manage the power state of the IEEE 802.3az ports, i.e., frame transmission and burst transmission
modes [24]. In addition, reference [6] presented an algorithm to achieve these results, which operates
on a per-packet basis, deciding the port that will be used for each packet based on the occupation of
the ports. Following a naive water filling algorithm and only diverting traffic to a new idle port when
the previous ones are completely used at their full capacity will lead to an unbounded delay. Hence,
a simple modification is proposed to maintain the average delay bounded to a target value, by using
the average delay of the already queued packets to determine the output port.

3. SDN Application Design

In this section, we address the energy-efficient allocation of traffic flowing between two switches
through an aggregate of EEE links, from the point of view of a software-defined network.

3.1. Background and Problem Statement

We will consider a link aggregate composed of L IEEE 802.3az links, of identical capacity C.
The traffic traversing that bundle is represented by F flows. Let x; € [0,C) denote the estimated
rate of flow i, and let p; € {1,...,L} be the port where that flow is allocated. According to [25],
the normalized individual energy consumption of a single EEE interface for any uncorrelated incoming

traffic distribution is: Telo)
off (P

E(p) =1~ (1 o) (1~ p) s eE
where p is the traffic load, o is the relative energy consumption of the EEE idle mode and Ts and
Ty are the time needed to enter and exit the LPI mode, respectively. They are constant parameters
dependent on the physical interface characteristics. Finally, Tog(+) is the average length of the idle
periods, which depends on both the algorithm governing the idle mode and the actual traffic load.
Let g = [p1,...,pL] be the load allocation to the links forming the bundle. Then,

)

=

Es(f) = | 1 E(p) @
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—_

is the normalized energy consumption of the whole bundle for a given load allocation. In [6], it was
proven that, for any arbitrary algorithm governing the idle mode, Eg(-) is minimized iff:

ximin{C,X—ij}, i=1,...,L, 3)

j<i

where X denotes the total traffic allocation and x; is the traffic allocation to the i-th port, i.e., p; = x;/C.
That is, the minimum energy consumption is obtained when a water filling algorithm is used to assign
the traffic among the links in the bundle. This is because the typical energy consumption profile
of a single Ethernet link is a concave function of the traffic load (see Figure 1). In addition to the
theoretical solution, a practical algorithm is also provided by [6], but assuming that the switches
operate on a packet-by-packet basis. For two reasons, this algorithm cannot be directly implemented
as an SDN application:

e The ideal algorithm considers that the switch individually decides for each packet which port
will be used to forward it, based on the instantaneous occupation of the ports, a packet-level
operation. SDN does not allow forwarding each packet individually, since its data plane works at
the flow level, applying the same actions to the packets of a flow once a matching rule is found in
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its flow table (i.e., forwarding the packets to the same port). In addition to the action prescribed
by the flow rule, the counters associated with the port are updated.

e The current queue occupation of each port is used to determine the forwarding port.
Unfortunately, this state variable is not usually provided by SDN switches (e.g., it is not considered
in OpenFlow).

Throughout the rest of this section, we will present the main architecture of the SDN application
and the new flow allocation algorithms that realize the solution presented in [6].
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Figure 1. Consumption of a 10 Gb/s IEEE 802.3az port using frame transmission. © 2018 IEEE. Reprinted,
with permission, from [10].

3.2. Designing the SDN Application

We devised a reactive forwarding behavior. That is, a low-priority rule will be installed in the
switches to send the packets to the SDN controller, so the packets that do not match any flow rule with
higher priority will be sent to the SDN controller, which has a centralized view of the topology and
will act in response. The controller will transfer this packet to our application, which runs on top of
the controller. Next, the application will determine which port the packet should be forwarded to and
install a medium-priority flow rule in the switch. Future packets classified in this same flow will be
directly forwarded by the switch at the line rate.

The medium-priority flows installed are defined by the destination MAC address of the packets
and also the first eight bits of the destination IP address. Eight bits attain a good trade-off for the
granularity of flows: enough to spread the traffic among the ports of the bundle and to keep the flow
tables of the switches small to avoid performance degradation.

Since the controller maintains a full view of the network topology, it can compute shortest paths
to the packet destination. For unknown destinations, the controller floods the packet out of all ports
except the input port and using only one port of each bundle, without installing a flow rule for this
packet yet. Therefore, when a packet is received, the application determines the next hop switch to
which the packet should be forwarded. When the next hop is behind a bundle of links, our application
selects at random a port of the bundle to forward the packet and installs the flow in the switch
accordingly. The random selection is performed since the application does not have prior information
about the transmission rate of this new flow. Allocating the flow to the highest loaded port would
cause excessive losses if the flow demands a high rate. On the contrary, using an idle port would
activate its hardware, drastically increasing the energy consumption if the flow demands a rate that
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can be handled by ports already active. In any case, it is important to note that this is just an initial
transient when a new flow appears on the network.

The above description is the part of the SDN application that manages the packet forwarding
in the transport infrastructure. It uses a customized flow definition, but spreads flows at random in
the bundles between switches since there exists no a priori information about the flow rates, thus
not performing any energy-aware optimization. Now, we proceed to describe how to optimize the
energy consumption in the bundles. Figure 2 displays the flow diagram of the control application.
The application performs the following tasks, some of them periodically:

1.  Retrieve the list of switches.

2. For each switch, identify the neighbors of the switch (i.e., the switches that a link to it).

3. For each neighbor, retrieve the ports in the switch that are connected with the neighbor.

4 If there is more than one port (i.e., there is a bundle between the two switches), retrieve the flows
installed in the switch that forward packets to a port of this bundle.

5. Predict the rate of each flow; that is to say, the amount of traffic that the flow will transmit in the
next interval.

6. Compute a new allocation for these flows to the ports of the bundle in a way that energy
consumption is minimized.

7. Instruct the switch to modify the flow rules that have changed their allocation.

Two of these deserve further discussion: rate prediction and flow allocation.

v

flows = get flows installed in
switch with output in ports

v

More elements in
neighbors?

swtiches = get list of
switches

Estimate load of
flows
More glemen’l)s in neighbor = next element in ¢
switches? neighbors
¢ Allocate flows in
ports

. . ports = get ports of switch ¢
switch = next element in directly connected to neighbor
switches Instruct switch with new
flow allocation

Communication |
: with ONOS

Local 1
: processing :

neighbors = get neighbors of
switch

Figure 2. High level application logic.
3.3. Flow Rate Prediction

The rate demanded by a flow in the following measurement interval is estimated leveraging
the counters associated with the flow rules. These counters include the number of packets and bytes
that have matched with this flow along with the duration of the flow (i.e., the time that the flow has
been active). Thus, the bytes transmitted in the current measurement period are the difference between
two counter queries by the controller. The estimated rate is simply the number of transmitted bytes
divided by the sampling period. If the flow was not present in the previous interval, we use the value
of the duration of the flow instead of the sampling period, for an accurate measure. For the prediction
of the flow rate in the next measurement period, we tested two simple estimators:
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1. The measured value in the previous interval.
2. Anexponentially-weighted moving average (EWMA) with the measured rates of the flow in past
intervals. The estimated rate is:

My, =0
Ri=4"" ! 4)
a-My+(1—a)-Ry—q, n>0

where R, is the value of the EWMA at time n (thus, the rate estimated for the interval n + 1), M, is the
measured rate in the interval n and the constant a € (0,1] is a parameter that tunes the relevance of
the samples as time goes by.

We have analyzed the quality of the estimation with the two methods, calculating the error in
the estimation as the absolute value of the difference between the estimated value and the real value,
for each flow in each interval. Just for a reference, the results for a 32.5Gb/s trace are shown in
Figure 3 (Although we have not included them for space reasons, results for several other traffic traces
have been produced with similar results. The traffic traces are the same as those used in Section 5,
where their exact characteristics are described).

Clearly, using directly the measurements performs very similar to the usage of the EWMA for the
different values of a and the sampling periods studied. We can also notice large errors in the estimated
rate for sampling periods lower than 0.1 s. This is due to the high variability of the rates for such a
small time window. Therefore, we will directly use the rate of each flow in the previous interval to
forecast its rate in the next interval, since it is a simpler method than the EWMA one and provides
almost the same accuracy.
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Figure 3. Average error in the estimation of the flow rate for different periods. EWMA, exponentially-
weighted moving average.

3.4. Flow Allocation Algorithm

In this section, we describe three new flow allocation algorithms implemented to reduce the
energy consumption. The purpose of these algorithms is to select the flows according to their traffic
rate and assign them to the available links according to the optimum flow allocation algorithm [6].
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The input of this algorithm will be the set of flows to be allocated along with their estimated rates,
and also the set of ports that make up the aggregate.

3.4.1. Greedy Algorithm

GA attempts to fill the ports to the maximum of their capacity, only allocating a flow in an empty
port if it does not fit in any of the already active ones. Therefore, GA attempts to use only the minimum
number of ports, filling them up to their nominal capacity and leaving the maximum number of ports
empty. The latter problem is actually a combinatorial NP-hard problem (bin packing), so we propose
using the first-fit decreasing (FFD) [26] algorithm as a heuristic suboptimal solution. Note that finding
the optimum one would require evaluating |ports|/°¥s| combinations and is not scalable. Instead of
this, our GA algorithm will consider the flows in a decreasing order based on their estimated rates and
will allocate them to the highest loaded port. Note that although similar to a water filling approach,
GA does not operate at the packet level, but at the flow level.

The pseudocode of the GA algorithm is shown in Figure 4, where the bound is always set to zero.
Firstly, the flows are sorted decreasingly on their estimated rate. Next, the flows are allocated in a
sequential order so that the port occupation is maximized: the ports are evaluated in a predefined
order (e.g., by port identifier), and the flow is allocated to the first port it fits. We consider that a flow
fits in a port when the sum of all the flow rates assigned to the port is less than the capacity of the
port. This algorithm is akin to the classical FFD heuristic solution of the bin packing problem [26].
We expect GA to yield low values of energy consumption. Nevertheless, since it pushes to use the full
capacity of the ports, packet delay can grow quickly, as pointed out in [6]. Furthermore, since rate
estimations are noisy, the estimation errors could lead to a non-negligible level of packet losses for
almost any buffer size.

1 allocate_greedy (flows, ports, bound=0) {

2 // Hold assigned port for each flow

3 flow_allocation [1..[flows|] = &

4

5 // Sort flows by decreasing load value

6 ordered_flows = sort(load (flows), DECREASING)
7

8 // Initialize occupation of the ports to 0

9 port_load [1..|ports[] = 0

10 port_flows [1..|ports|] = 0
11

12 for flow € ordered_flows {

13 for port € ports {

14 if ((port_flows[port] == 0) ||

15 (port_load [port] + load (flows) [flow]
16 < 1 - bound/port_flows[portl)) {
17 // Update port with the load of this flow
18 port_load [port] += load (flows) [flow]
19 port_flows [port] += 1

20 flow_allocation [flow] = port

21 break

22 ¥

23 }

24 }

25

26 return flow_allocation

27}

Figure 4. Pseudocode for the greedy algorithms. Note that the greedy algorithm (GA) is identical to
bounded GA (BGA) when setting the variable bound to zero. © 2018 IEEE. Reprinted, with permission,
from [10].

3.4.2. Bounded Greedy Algorithm

BGA is a straightforward modification of GA, in that it attempts to bound the packet delay and
also to reduce the packet losses in GA. One reason for the losses is that using the ports very close to
their capacity leads easily to buffer overload if the rate is not accurately estimated. Thus, BGA avoids
using links close to their capacity just by setting a threshold in the maximum allowable load allocated
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on a port. Specifically, we limit the fraction of the port capacity that can be used to an increasing
function in the number of flows already allocated to each port p, with the following function:

pr’fnalefB/Fpr (5)

where F,, is the number of flows already allocated to the port and B denotes the fraction of space that
cannot be used in a port when there is only one flow allocated to it. The idea is that rate prediction
errors between the different flows should compensate the global estimation error, and thus, the higher
the number of flows, the higher the link occupation that is safe to attain. For the rest, the algorithm
operates in the same way as GA. The pseudocode is also shown in Figure 4, where bound is the fraction
of space that cannot be used in a port when there is only one flow allocated to it, i.e., bound = B.

3.4.3. Conservative Algorithm

Despite the effort of the BGA to mitigate packet losses and control the delay of the packets,
the results might not be acceptable yet, as we will later show. Hence, we designed a better algorithm
that does not only minimize energy consumption, but also reduces packet losses. The idea behind this
algorithm is to first compute the minimum number of ports necessary for the next interval. This value

is lower bounded by:
F
Lysed = ’VZICI 1“ . (6)

Then, the flows are distributed among the L4 ports in a way that tries to spread the load
evenly. Although this minimizes the individual occupation of each link, it does not follow a water
filling approach. However, as we will show later, this does not really degrade energy consumption.
The reason is that the individual energy consumption rises very quickly with the occupation of the
link, as Figure 1 illustrates.

As a consequence, once a port reaches an occupation higher than 20%, it makes little difference
for the energy consumption the actual traffic load assigned to it. Thus, the conservative algorithm (CA)
prefers to have its used ports with a balanced traffic occupation avoiding the need for using the ports
at full capacity in many situations, like frequently happens with the GA and BGA. Figure 5 shows
normalized power profiles of an eight-link bundle with the ideal water filling algorithm and the power
profile expected for the conservative algorithm.

296



Sensors 2018, 18, 3915

100

80

60

40

20

Normalized Energy Usage (%)

Ideal water filling algorithm ——

| | | IConservaFive approlximationI
0

0 10 20 30 40 50 60 70 80
Incoming traffic load (Gb/s)

Figure 5. Comparison between the normalized power profiles of an eight-link bundle when using the
water filling and the conservative algorithm.

For further reduction of the likelihood of packet losses, rather than using the total estimated load
to compute the number of ports, we add to this value a safety margin, M, which we empirically set
to 20%. The number of ports to be used is calculated therefore as:

N .
Lused = "Zlcl u + M-‘ ) (7)

After determining the L4, the CA proceeds with the allocation of the flows attempting to achieve
a balanced distribution of the flows to ports, both in terms of rate and number of flows. To accomplish
this, the algorithm performs a minimization of the occupation of the ports. The pseudocode is shown
in Figure 6, which first sorts the flows in decreasing order of their estimated rate and then sequentially
allocates the flows to the port with the lowest occupation among those that will be used in the interval.
Note that this algorithm is also capable of maintaining some ports idle, reducing energy consumption.
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safety_margin = 20%

1

2

3 allocate_conservative (flows, ports) {
4 // Hold assigned port for each flow
5 flow_allocation [1..[flows|] = &
6
7
8

expected_load = sum(load (flows)) + safety_margin
minimum_ports = ceil (expected_load)

9

10 // Only use the minimum number of ports
11 used_ports = ports [1..minimum_ports]

12

13 // Sort flows by decreasing load wvalue

14 ordered_flows = sort(load (flows), DECREASING)

16 // Initialize occupation of the ports to 0
17 port_occupation [1..|used_ports|] = 0

18

19 for flow € ordered_flows {

20 port = get_port_min_occupation(port_occupation)
21 // Update port with the load of this flow
22 port_occupation[port] += load (flows) [flow]
23 flow_allocation [flow] = port

24 }

25

26 return flow_allocation

27

28 }

Figure 6. Pseudocode for the conservative algorithm. © 2018 IEEE. Reprinted, with permission,
from [10].

4. Energy-Efficient Algorithms with Bounded Delay

In this section, we consider flows with different quality of service (QoS) requirements in terms of
latency. We will introduce two modifications to the energy-efficient algorithms described in Section 3
in order to consider the demands of low-latency flows. The specific mechanism used to identify
low-latency flows is not relevant for this work since the method actually employed does not affect
the algorithm at all. Thus, we will assume that the low-latency flows are tagged with a well-known
differentiated services code point (DSCP), which is carried in the IP header. As a result, we will work
with two types of flows: low-latency flows and best-effort flows.

These modifications are generic enough to be applied to any of the different energy-efficient
algorithms presented above. However, since CA outperforms the other two algorithms in packet losses
and delay with a minimum penalty in energy savings, as will be later shown in Section 5.1, during the
rest of this paper, we will only use CA as the energy-efficient algorithm, for the sake of simplicity.

4.1. Spare Port Algorithm

The spare port algorithm (SPA), shown in Figure 7, exploits the fact that, when the traffic load is
moderate, the energy-efficient algorithms concentrate the traffic and leave some spare ports. Therefore,
this new algorithm trades an increase of energy consumption in unused ports so as to provide expedited
service to low-latency flows. SPA works in two phases, first allocating best-effort flows and then the
low-latency ones.

1. In the first phase, the energy-saving algorithm is directly applied without modifications, but only
to the best-effort flows.

2. In the second phase, the remaining low-latency flows are assigned to the least occupied port
among those in the bundle.
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Figure 7. Conceptual diagram of the spare port algorithm in a four-link bundle.

SPA can perform well under the assumptions that low-latency traffic represents a small fraction of
both the total traffic and the spare port capacity and that best-effort flows do not exhaust the capacity of
the bundle. Then, in the next step, one of the unused ports will be used to forward low-latency traffic,
without increasing the delay of the best-effort traffic. However, we need to discuss the limitations of
this algorithm when some of the assumptions do not hold:

1. If the traffic demand is so high such that all the ports in the bundle must be dedicated to
best-effort flows, low-latency traffic will not be forwarded through a single port. As a result, both
low-latency and best-effort traffic will be treated in the same way, without meeting the needs of
premium traffic.

2. If the amount of low-latency traffic is significant, the energy consumption of the spare port can
drastically increase because of the energy profile of an EEE link, which rises very quickly with
the port occupation (cf. Figure 1).

4.2. Two Queues Algorithm

The spare port algorithm may increase the energy consumption if the amount of delay-sensitive
traffic is significant. More importantly, SPA will not be able to satisfy the demands of flows with
low-latency requirements when there is a high load due to best-effort traffic. To solve this, we leverage
the ability of most SDN switches to have multiple queues attached to a physical port. These queues
can be defined with different priorities. In fact, this is the standard way of providing QoS in SDN
devices as stated in the OpenFlow (OF) specification [27]. Although this capability is not required, it is
provided by most of the devices, such as Open vSwitch, which is presumably the most widely-used
OF-enabled switch.

In the two queues algorithm (TQA), we define two queues with different priorities inside each
physical port of the switches, as shown in Figure 8: the queue with the highest priority will only serve
low-latency traffic, and the other will forward best-effort traffic. The algorithm operates in two phases,
determining first the port and then the queue inside each port:

1. The first phase consists of directly applying the unmodified energy-efficient algorithm described
in Section 3 to the whole set of flows, both including low-latency and best-effort, treated equally.
The whole set of flows is allocated in a few ports.

2. The second phase sets the queue inside the assigned port for every flow. Low-latency flows
are assigned to the high-priority queue of the ports, whilst best-effort flows are assigned to the
low-priority queue.

Clearly, the allocation of flows to ports is actually given by the energy-efficient algorithm,
but thanks to the introduction of multiple first-in first-out (FIFO) queues inside the port, we prioritize
flows with stringent QoS requirements in terms of latency, thus providing an expedited service.
The decision of the next packet to be served by a port is straightforward: each time the port ends the
transmission of a packet, it will pick the next packet to be transmitted from the non-empty queue with
the highest priority. In other words, delay-sensitive packets have non-preemptive priority over the rest.
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Figure 8. Conceptual diagram of the two queues algorithm in a four-link bundle.

Using two queues per port overcomes the limitations of SPA. Firstly, the service received by the
high-priority traffic is independent of the amount of best-effort traffic load. Secondly, the expedited
service does not lead to increased energy consumption, since the joint allocation phase still uses the
energy-efficient algorithm. Thus, the energy consumption will be equal to the original energy-efficient
algorithm described in Section 3. The main drawback is that using two queues increases the delay
of best-effort traffic, and this becomes more noticeable as the share of traffic demanding expedited
service is higher. However, since the use of the priority queues only implies a reordering of the packets
in a port, the average delay of all the packets will not change. Thus, the maximum delay of best-effort
packets is still bounded.

5. Results

Throughout this section, we analyze the performance of the proposed algorithms to then assess
the correct behavior of the proper ONOS application.

The algorithms have been analyzed in a scenario composed of bundle of five 10 Gb/s copper
based Ethernet links (10 GBASE-T) aggregated between two switches with two hosts attached to them,
one of them serving as the source for the traffic, and the other one acting as the traffic sink. Figure 9
shows a diagram of the setup.

7 Switch 1 Switch 2 7

Figure 9. Basic experimental topology.

The experiments have been carried out with an in-house developed simulator available for
download [28]. The simulator shares most of the code with the ONOS implementation, thus reducing
the developing time and helping in the validation. As for the traffic itself, we have employed real traffic
traces from the public CAIDA (Center for Applied Internet Data Analysis) dataset [29]. As the original
traces have been captured in 10 Gb /s Ethernet links, they have a relative low average throughput, so we
have constructed new traffic traces, reducing the inter-arrival times by a constant factor, producing
new 6.5, 13, 19.5, 26 and 32.5Gb/s traces.
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5.1. Flow Allocation Algorithms

The first experiment evaluated the variation of the energy consumption with the duration of the
sampling period of the algorithms for a rate of 32.5 Gb/s. Figure 10a shows the results of the three flow
allocation algorithms for a buffer size of 10,000 packets. There was a fourth algorithm, named equitable,
that distributed the flows uniformly among all the ports without regards to energy efficiency, serving
as a baseline for comparison. The energy consumption attained by the three energy-saving algorithms
was practically the same. Besides, we can also observe from Figure 10a that low sampling periods
(e.g., lower than 0.1 s) presented higher consumption than those greater than 0.1 s. This probably
corresponds to mispredictions of the flow characteristics, as already shown in Figure 3. Finally, note that
the obtained energy consumption was very close to the optimum. According to (3), the best allocation
was obtained when the rate allocation vector was ¥ = [10Gb/s,10Gb/s,10Gb/s,2.5Gb/s,0Gb/s];
in other words, this minimum consumption was achieved when the 32.5 Gb /s load was distributed
in the bundle in the following way: three ports fully utilized carrying 10Gb/s, one transmitting
2.5Gb/s and the last one with no traffic. In that case, and for the usual EEE parameters (oo = 0.1,
Tw = 4.48yus, Ts = 2.88ys for 10Gb/s links and Tyi(A) = A~le *Ts for the frame transmission
mode [25]), the bundle consumption was %(1 +1+4+1+0.83+40.1) = 0.78 using (2). This is just a little
less than the 79% energy consumption obtained by CA.
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Figure 10. Energy consumption. (a) Energy consumption for different sampling periods, (b) Energy
consumption for different traffic traces.

The energy consumption for the different traffic traces is shown in Figure 10b for a sampling
period of 0.5 s and a buffer size of 10,000 packets. We can observe that the energy consumption was
almost identical for the three proposed algorithms and that it was considerably lower than that of
the non-energy-efficient equitable algorithm. There was just a slight difference in the case of the
19.5Gb/s, where CA consumed a bit more than the greedy algorithms. This was because its safety
margin (M) made it use three ports, while the greedy algorithms would try to allocate the flows using
just two ports. Nevertheless, the consumption attained by CA was indeed much lower than that of the
equitable one.

Figure 1la presents the variation of the packet loss rate with the sampling period for a
10,000-packet buffer size, while Figure 11b explores the packet losses introduced for different buffer
sizes, using a sampling period of 0.5 s. GA was the one with the highest losses, followed by BGA,
then CA and finally the equitable algorithm. These results confirm that the greedy algorithms can
lead to high loss rates when the flow rates are underestimated. The conservative algorithm, however,
was able to trade a small increment in energy consumption for an acceptable loss rate for buffer sizes
from 1000 packets onward. Furthermore observe how for the highest sampling rates, packet losses
diminished, as the algorithm adapted faster to rate variations; although, as seen before, energy usage
also incremented.
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Figure 11. Packet loss rate. (a) Packet loss percentage variation with the duration of the sampling period.
(b) Packet loss percentage variation with the buffer size. © 2018 IEEE. Reprinted, with permission,
from [10]. (c) Packet loss for different traffic traces.

The packet loss rates for the different traffic traces are shown in Figure 11c, where the sampling
period is set to 0.5 s and the buffer size to 10,000 packets. As expected, GA and BGA were the ones
having the highest losses in every case, with CA and equitable algorithms showing negligible losses.
In the case of the 6.5 Gb/s trace, losses were not recorded, as expected.

The results for packet transmission delay are depicted in Figure 12. In particular, Figure 12a shows
average packet delay variation versus sampling period for a 10,000-packet buffer size. The average
delay for GA was about 4 ms, which is considerably higher than that of the other algorithms, whereas
the delay for BGA was about 1.5 ms, which is still a high value. The delay for CA was, however, an order
of magnitude lower, about 250 us. For reference, the delay of the equitable algorithm sat around 50 ps,
being, as expected, the lowest one. Figure 12b shows the average packet delay experienced by the
different traffic traces with the different algorithms. For the 6.5Gb/s trace, the three energy-saving
algorithms behaved identically, using just one port for all the traffic. Furthermore, for CA, the delay
of the packets using the 26 Gb /s trace was higher than that using the 32.5Gb/s one, as, in the latter
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case, there was one more link in use, but with lower load. For the rest of the traces, the results were in
accordance with those shown in Figure 12a.
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Figure 12. Packet delay. (a) Packet delay for different sampling periods, (b) Average packet delay for
the different traffic traces.

5.2. QoS-Aware Algorithms

To test the performance of the two proposed QoS scheduling algorithms, we have created an
additional traffic trace of 45.5 Gb/s reducing again the inter-arrival times of the original CAIDA trace.
Additionally, we have added a source of low-latency traffic, consisting of a synthetic traffic trace made
of relatively small packets (100 and 200 bytes) and deterministic inter-arrival times corresponding to
the desired final average rate. We have used CA as the flow allocation algorithm using a sampling
period of 0.5 s and a buffer size limited to 10,000 packets to provide negligible (below 0.05%) packet
losses, as per the results of the previous section.

Figure 13a shows the average delay of the packets with low-latency requirements using the
QoS-aware algorithms and that obtained using the baseline conservative one. The results in the figure
correspond to the best-effort traffic trace of 32.5Gb/s, while we varied the rate of the low-latency
traffic (We have omitted the results using lower rates for the best-effort traffic for the sake of brevity,
since the results are analogous). The unmodified CA yielded considerably worse results than the
QoS-aware algorithms, producing a delay higher than 100 us. The fluctuations for the different rates of
the low-latency traffic come from the fact that the low-latency flows would be allocated to a different
port in each case, being forced to compete with a different amount of normal traffic.

Both QoS-aware algorithms significantly reduced the average delay. The SPA delay stayed around
5us, while TQA added less than 2 ps for all the tested transmission rates. The main delay contribution
for SPA was the time needed to wake up the interface (TW = 4.48 pis), which would be usually idle at
the arrival of a low-latency packet. This was not the case for TQA, as low-latency traffic shared the
port with best-effort traffic.
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Figure 13. Average delay of the low-latency traffic.

Figure 13b shows the results when the system is already experiencing a very high load due to
best-effort traffic (45.5Gb/s). Both SPA and the non-QoS-aware CA experimented with an average
delay higher than 200 us, fluctuating up to 1000 us, depending on the actual low-latency rate. On the
other hand, TQA maintained the latency lower than 2 ps. These results confirm that SPA was not
capable of providing a low latency service in high load scenarios, since all the ports were already busy
forwarding best-effort traffic.

Figure 14 compares the average delay of the best-effort packets using the QoS-aware algorithms
with the average delay of these packets when using CA for the 32.5 Gb/s best-effort traffic trace and
varying low-latency traffic. When the rate of low-latency packets was very low (e.g., lower than
100 Mb/s), the average delay of best-effort packets was identical for the two QoS algorithms and CA,
being around 264 ps. Nevertheless, as this rate increased, the delay exhibited by CA and TQA rose.
On the other hand, the delay of the SPA remained unaffected by the rate of the low-latency traffic,
since it was being forwarded through a different port than the best-effort traffic.
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Figure 14. Average delay of the normal packets for the 32.5 Gb/s best-effort traffic trace.

Finally, Figure 15 shows the average energy consumption of the bundle using the different
QoS-aware algorithms and also CA in the same traffic conditions. Again, while the amount of
high-priority traffic was negligible (i.e., lower than 10Mb/s), the three algorithms drew the same
amount of energy. As expected, TQA achieved exactly the same consumption as CA irrespective of the
low-latency traffic rate. However, for values higher than 10 Mb/s, the energy usage increased rapidly
for SPA, reaching nearly 100% for rates above 100Mb/s. This confirms that energy consumption
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can rise quickly in SPA as soon as the amount of high-priority traffic forwarded in the spare port
becomes significant.
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Figure 15. Normalized energy consumption for the 32.5 Gb/s best-effort traffic trace.
5.3. ONOS Application Results

The previous sections have measured the efficiency of the proposed algorithms via a simulation
study. We also tested the correctness and feasibility of the proposal with an actual implementation
of the application. To this end, we implemented the proposed SDN application on top of the ONOS,
emulating the experimental topology with Mininet in order to evaluate the proper operation of the
application. The Open vSwitch switches employed by Mininet have an OpenFlow API accessible by
ONOS, but it cannot reproduce exactly the EEE capabilities, so we measured the average occupation of
each outgoing link as a proxy for the corresponding energy consumption.

We evaluated our application with the 32.5 Gb/s traffic trace used in the previous experiments
(Results for the other traffic traces, namely the 6.5, 13, 19 and 26 Gb/s ones, have been omitted for the
sake of brevity, but otherwise show consistent results).

We used tcpreplay to transmit it, but at a rate of just about 330 Mb /s, since the computer used
for the experiments was not capable of transmitting this traffic trace at higher rates (We have used an
Intel® Core™ i7-4710HQ (4th Generation) at 2.5 GHz).

Accordingly, the nominal capacity of the interfaces of the bundle had been scaled to 100 Mb/s,
and we have also scaled the sampling period to 10 s. The occupation of each port of the bundle
averaged throughout twelve intervals in ten independent executions is shown in Table 1. Despite the
fact that the actual consumption of 100 Mb/s interfaces would be different, this experiment allowed us
to validate the behavior of the algorithm.

Table 1. Average port occupation of the ports of the bundle.

Occupation (%)

Algorithm

Port1 Port2 Port3 Port4 Port5 Average
Greedy 9257 9783 9705 3036  0.02 63.57
Bounded-Greedy 8346  81.16 95.08 6127  0.02 64.20
Conservative 84.17 8360 80.78 79.76  0.02 65.67
Equitable 83.89 8052 5413 53.63 57.23 65.88

The results of the real implementation matched the simulation results. We see that GA used three
ports to more than 90% of their nominal capacity, one to about 30%, and left the other one unused.
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These values describe the behavior of a water filling algorithm, as desired per design. BGA avoids
having three ports so close to their nominal capacity, although one port still presented an occupation
higher than 95%. As the flows were assigned in decreasing rate order, less flows were allocated to the
first ports. In fact, in this case, 1.56 were allocated on average to the first port, 6.56 to the second and
96.91 to the third one. The high number of flows allocated to the third port explains why its occupation
was so high. CA behaved exactly as desired, using four ports around 80% occupation and leaving the
last one empty. The equitable algorithm spread the traffic evenly among all the ports of the bundle.
Note that the 0.02% usage of the last port in the three energy-efficient algorithms was due to the flows
being assigned randomly during the first interval. The small average occupation differences were
mostly due to packet losses, which occurred whenever more than 100 Mb /s were assigned to a port
during an interval.

Table 2 collects the average energy consumption averaged throughout the intervals for the same
ten independent executions. As we can observe, the differences in the energy consumption among the
three energy-efficient algorithms were minimal, and all of them consumed about 18% less than the
baseline equitable algorithm. They only differed in the consumption in port 4, which consumed about
7% less with GA than with BGA and CA. This is in accordance to the simulations.

Table 2. Average energy consumption of the ports of the bundle.

Energy Consumption (%)

Algorithm

Port1 Port2 Port3 Port4 Port5 Average
Greedy 99.89 9999  99.99 9236 1024 80.49
Bounded-Greedy  99.80  99.90  99.98 99.38  10.24 81.86
Conservative 99.77 99.92  99.88 99.89  10.24 81.94
Equitable 99.78 9990  99.04 9897  99.27 99.39

We have also validated the QoS algorithms with the ONOS application using the setup depicted
in Figure 16. This time, the setup consisted of three switches (numbered from 1 to 3) and eight hosts
(numbered from 1 to 8). Hosts 1 to 4 were connected to Switch 1 and Hosts 5 to 8 are connected to
Switch 3. These edge switches were connected to an inner switch by their respective four-link bundles.
All the interfaces in this scenario had a nominal capacity of 1Gb/s.

Host 2 \ / Host 6
%\> Switch 1 Switch 2 Switch 3 <"’s_‘
Host 3 Host 7
st} e

Figure 16. Experimental topology used for QoS-aware algorithms’ validation.

In this network, three UDP flows without latency requirements were originated in Hosts 1,
2 and 5, with respective destinations in Hosts 5, 6 and 7. These flows have been created with the
iperf3 tool. The first two clients send traffic at 700 Mb /s, while the third one at 600 Mb/s. This way
we force the flows to be allocated on the first three ports of each bundle. Then, we added three
lightweight flows from Host 4 to Host 8 tagged with a predefined differentiated services code point
(DSCP)value, so that they can be identified as low-latency by our ONOS application. The purpose
of these lightweight flows is to measure the latency suffered by the low-latency packets, using the
different scheduling algorithms.

Figure 17 shows box and whisker plots with the round-trip time (RTT) of 10,000 packets of the
lightweight flows using the different algorithms. The whiskers show that 95% of the samples and
outliers have been removed for the sake of clarity. We can see that traffic without real-time requirements
suffered a substantial latency in this scenario, around 50 ms. This performance is expected, since the
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flow was allocated in the same port and queue as the 600 Mb /s big flow. As a result, the packets of the
small flows have to contend with the packets of the big flow, yielding considerable waiting times in
the queue of the port, which are indeed the main contributions to this large RTT.
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Figure 17. Round-trip time (RTT) for the different algorithms.

Regarding the QoS-aware algorithms, both of them managed to decrease the round-trip time
of low-latency traffic by three orders of magnitude in this scenario. The SPA algorithm was using
the low-priority queue of the port that does not contain any big flow, thus providing low latency.
On the other hand, the TQA algorithm was using the same port as the 600 Mb /s flow, but using the
high-priority queue for the lightweight flow rather than the low-priority one as in the case of the big
flow. Additionally, despite the algorithms using different ports and queues, their performance in terms
of latency was really solid and stable, without major fluctuations, as desired.

5.4. Discussion

Simulation results exhibit the existing trade-off between energy consumption, traffic delay and
packet losses. Certainly, the analysis shows that CA is the best algorithm. Although the greedy
algorithms can be slightly more energy efficient than CA in some scenarios, they could lead to
unacceptable packet delays and losses. On the other hand, the computational complexity of the three
algorithms is roughly the same. However, CA allows tuning in a fine-grained manner the trade-off
between packet delay and energy savings through the safety margin. Increasing the safety margin will
contribute to reducing the packet delay and the likelihood of losses, at the cost of a slight increment in
the energy consumption in some situations.

It is also important to ponder about the adequate value for the sampling period. Although the
use of low values of the sampling period (e.g., 0.01 s) exhibits low delays and packet losses (with the
subsequent increase in energy consumption), values lower than 0.5 s are hardly implementable in
practice, since they result in a huge (and unmanageable) overhead of control traffic. Moreover, for low
sampling periods, this frequent rerouting can harm the performance of TCP, as studied in [30].

6. Conclusions

The main focus of this paper has been the minimization of the energy consumption in networking
equipment with SDN capabilities when the traffic traverses an aggregate of links between two switches.
We elaborated a solution in the form of an SDN application that efficiently concentrates the traffic flows
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in a few ports of the bundle, dynamically adapting to the variations in the traffic demand. We firstly
proposed three allocation algorithms and analyzed them in terms of energy consumption, packet delay
and packet losses. We validated the algorithms using real traffic traces through simulation and also in
a real implementation on top of the ONOS SDN controller. The obtained results confirm the expected
operation of the algorithms, showing that the SDN capabilities of networking equipment can be used
to reduce energy consumption in bundles of EEE links up to 50%, without the need for modifying the
firmware of the devices.

We also proposed two modifications to the previous algorithms to offer a low-latency service
to traffic with stringent QoS requirements while keeping the energy consumption reduced: the SPA
algorithm uses the last port of the bundle to transmit high-priority traffic, while the TQA algorithm
sets up a low priority and a high priority queue in each output port and transmits low-latency traffic
on the high-priority queue. The results showed that the algorithms are able to provide a low-delay
service to time-sensitive traffic, achieving a reduction of some orders of magnitude. Moreover, even
under the situation of normal traffic congestion, one of the proposals manages to continue offering
an accelerated service.

This work could be extended in some lines. First, the centralized view of the whole topology that
the SDN controller provides to the applications can be harnessed so that inner switches can reuse the
flow allocations performed in the edge switches, in the case where multiple link bundles are present
in the network. It will also be interesting to test our solutions in a testbed composed of hardware
OF-enabled devices with IEEE 802.3az ports controlled by our ONOS application. Finally, we see a
research opportunity in reducing the control plane traffic required, since our work has been focused just
on data plane traffic. Minimizing control plane traffic will contribute to the overall energy reduction.
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Abstract: Wireless power transfer (WPT) is a promising technology to realize the vision of
Internet-of-Things (IoT) by powering energy-hungry IoT nodes by electromagnetic waves, overcoming
the difficulty in battery recharging for massive numbers of nodes. Specifically, wireless charging
stations (WCS) are deployed to transfer energy wirelessly to IoT nodes in the charging coverage.
However, the coverage is restricted due to the limited hardware capability and safety issue,
making mobile nodes have different battery charging patterns depending on their moving speeds.
For example, slow moving nodes outside the coverage resort to waiting for energy charging from
WCSs for a long time while those inside the coverage consistently recharge their batteries. On the
other hand, fast moving nodes are able to receive energy within a relatively short waiting time. This
paper investigates the above impact of node speed on energy provision and the resultant throughput
of energy-constrained opportunistic IoT networks when data exchange between nodes are constrained
by their intermittent connections as well as the levels of remaining energy. To this end, we design
a two-dimensional Markov chain of which the state dimensions represent remaining energy and
distance to the nearest WCS normalized by node speed, respectively. Solving this enables providing
the following three insights. First, faster node speed makes the inter-meeting time between a node and
a WCS shorter, leading to more frequent energy supply and higher throughput. Second, the above
effect of node speed becomes marginal as the battery capacity increases. Finally, as nodes are more
densely deployed, the throughput becomes scaling with the density ratio between mobiles and
WCSs but independent of node speed, meaning that the throughput improvement from node speed
disappears in dense networks. The results provide useful guidelines for IoT network provisioning
and planning to achieve the maximum throughput performance given mobile environments.

Keywords: internet-of-things; opportunistic networks; wireless power transfer; inter-meeting time;
Markov chain; node speed; battery capacity; node density

1. Introduction

Wireless mobile devices are currently pervasive, and the number of the devices is expected to be
ever-growing when Infernet-of-Things (IoT) and smart cities emerge in the near future [1]. This tendency
makes their energy supply required not only huge but also so frequent that the existing wired charging
technologies cannot cope with them. Faced with the energy supply problem, wireless power transfer
(WPT) is fast becoming recognized as a viable solution [2] enabling the recharging of batteries without
plugs and wires if there is an apparatus to perform WPT, known as a wireless charging station (WCS).
However, due to the limited capability of the state-of-art WPT technique and concerns about human
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safety [3], it is impractical to radiate electromagnetic waves with higher power from a WCS, making the
charging coverage restricted. Multiple numbers of WCSs can be installed to cover the entire network
area, but excessive deployment cost is required.

This paper addresses the energy provisioning issue of energy-constrained opportunistic IoT networks
(This is originated from an opportunistic IoT network where IoT nodes exchange information via
device-to-device (D2D) communications based on their interaction [4,5]). These have been extensively
studied in a wide range of fields, e.g., healthcare, logistics, and car navigation. We add the term
“energy-efficient” to highlight the energy provision problem where nodes’ opportunistic connections
to other nodes and WCSs lead data transmission and energy charging, respectively. These features
of energy supply and consumption yield the following energy dynamics, which is the main theme
of this work. Particularly, we pay attention to the random mobility of an IoT node followed by its
moving pattern, making it possible to supply energy in spite of WCSs’ limited charging coverage.
In other words, a WCS can transfer energy to nodes who get into the charging coverage, which is
referred to as “meeting” throughout the paper. The resultant energy provision of the IoT node thus
depends on its meeting pattern, dominantly affected by moving speed as shown in Figure 1. When a
node moves slowly, as an example, it remains in the charging coverage of the WCS and can receive
energy continuously. Once out of the coverage, on the other hand, it may take an extremely long
time to receive energy again. Consequently, such an irregular energy provision occurs where some
devices consistently receive energy while others suffer from the lack of energy. As a node moves
faster, this energy-starving duration is likely to be shorter, leading to a more regular pattern of energy
supply. This difference motivates us to investigate the relation between speed, energy provision and
the resultant throughput.

=+> I Wireless charging

=% I Moving direction

A Wireless Charging station (WCS)
@ : Node

Figure 1. The pattern of wireless charging when node speed is slow. During the period that a node is
in the charging coverage of the WCS, it receives energy from WCS continuously. Once a node is out of
the charging range, on the other hand, it takes a long time to receive energy from WCS again.

1.1. Wireless Power Transfer

WPT is a key enabler to realize the vision of next-generation mobile networks, e.g., IoT and
smart cities by overcoming the challenge with battery charging. With the aid of WPT, it is possible to
deploy thousands of IoT sensors at a low cost. In addition, WPT along with energy harvesting enables
the facilitating of designing green networks (see, e.g., [6,7]). Due to its promising potential and the
interdisciplinary nature, many new research issues arise in the area of WPT and are widely studied in
different fields. Recent advancements in the area can be found in numerous surveys such as [8].

The most widely-used WPT method is the magnetic inductive coupling that electric power is
delivered by means of an induced magnetic field. The drawback of this method is its power transfer
efficiency that diminishes significantly unless the transmitter and the receiver are close in contact.
Recently, there have been efforts to develop WPT technology of which the efficiency remains high
within the range from several to tens of meters. In [9], Kurs et al. suggest a novel method called magnetic
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resonant coupling where electric power is transferred from one to the other with high efficiency when
two devices are tuned to the same resonant frequency. However, its high efficiency requirement is so
tight that it is vulnerable to the misalignment between a transmitter and a receiver especially when
the distance between the two becomes larger. Some sophisticated tracking and alignment techniques
are proposed for practical use, e.g., frequency matching [10], impedance matching [11] and resonant
isolation [12], but the use of magnetic resonant coupling for long-range battery charging in harsh mobile
environments like vehicular scenarios is still doubtful. Another approach is microwave power transfer
where radio-frequency (RF) waves are delivered to recharge the battery by using advanced techniques
of wireless communications, e.g., directional beamforming [13], backscatter communication [14,15],
and full duplex communication [16]. Recent studies on WPT consider practical factors to design and
optimize realistic systems, e.g., imperfect channel state information [17], nonlinear energy harvesting
efficiency [18,19], and waveform design [20]. Microwave power transfer theoretically enlarges the
charging coverage more than tens of meters, but controversial issues on health impairments caused by
RF exposure have not been resolved yet, making it difficult to use commercially.

1.2. Applying Wireless Power Transfer to Wireless Networks

There have been several studies incorporating WPT into the design of energy-constrained wireless
networks. One research thrust focuses on the design of the efficient recharging protocol to make every
node always active. For example, a wireless charging vehicle (WCV) is suggested in [21] that visits all
nodes to recharge their batteries. The optimal travel path is derived to avoid the battery depletion of
each node. The work of the optimal WCV routing is generalized in [22] such that the battery charging is
enabled in every place in the entire network under the consideration of the trade-off between charging
efficiency and distance. In [23], the optimal routing for safe charging problem is studied where no
location in the networks has electromagnetic radiation exceeding a given threshold. A prototype
testbed of the routing platform is constructed by using off-the-shelf RF energy transfer hardware
equipment in [24] to demonstrate the performance of wireless sensor networks powered by RF energy
transfer. A distributed recharging protocol is proposed in [25] where multiple WCVs wirelessly
provide energy to nodes given the limited network information. The concept of Qi-ferry is introduced
in [26], which is similar to WCV except the fact that Qi-ferry consumes its own residual energy when
it is moving. In other words, longer travel distance of Qi-ferry visits more nodes but accelerates
its energy depletion. They optimize its travel path reflecting the above trade-off. Nevertheless,
these papers [21-26] are based on the assumption that WPT-enabled devices have knowledge of full or
limited geographical information for all rechargeable nodes, hardly estimated in mobile environments.

Recently, there have been some trials to exploit node mobility for battery charging in WPT-aided
mobile networks. In [27], the energy provision based on the node mobility is introduced where
nodes can harvest excessive energy in a power-rich area and store it for later use in a power-deficient
area. The number of necessary WCSs for continuous operation of every node is analyzed, but some
practical aspects like node speed and battery capacity are ignored. In [28], the performance of
energy-constrained mobile networks is analyzed using stochastic geometry assuming that the energy
arrival process of each node as an independent and identically distributed (i.i.d.) sequence, which is
reasonable only when the speed of each node is extremely fast. Delay-limited and delay-tolerant
communications with WPT are respectively studied in [29,30], where a node can move to a few
rechargeable points according to predetermined transition probabilities. In [31], an intentional mobility
to WPT-enabling locations for battery charging, called a spatial attraction, is modeled as a Markov chain
and analyzed to show the improvement of the coverage rate by the optimally controlled power and
charging range. These papers [27-31] do not consider node speed in spite of its significant effects on the
energy arrival process. In [32], a quality of energy provisioning (QoEP) is defined as the expected portion
of time a node sustains its operation when mobiles are moving within a given range of node speed. It is
shown that QoEP converges to one as battery capacity or node speed increases. The analytical results
are based on the continuous transmission model where a node keeps transmitting data whenever it
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has energy. In IoT networks, on the other hand, data is transmitted discontinuously according to a few
specific conditions, making it more challenging to analyze.

1.3. Contributions and Organization

In this work, we study the performance of energy-constrained opportunistic IoT networks where
the opportunistic behaviors of mobile nodes affect the patterns of data transmission and energy
charging. Specifically, data delivery is enabled between nodes when (1) they are intermittently
connected and (2) a transmitting node receives energy from WCSs enough to deliver data. To reflect
the above energy dynamics, we design a two-dimensional Markov chain of which the horizontal
and vertical state dimensions represent the remaining energy and the distance to the nearest WCS,
respectively. We derive its steady-state probabilities and aim at explaining the effect on throughput.
The main contributions of this paper are summarized below.

e Inter-meeting time vs. Throughput: Higher node speed reduces the frequency of lengthy
inter-meeting times between a node and a WCS and eventually improves the throughput.
The inter-meeting time is interpreted as an energy-starving duration. We explain the phenomenon
through the stochastic distribution of the inter-meeting time in Proposition 1.

e Node speed vs. battery capacity: A slow-moving node stays in the charging coverage for a
long time. It saves enough energy to endure a lengthy inter-meeting time if its battery capacity,
the maximum amount of energy stored in the battery, is large enough. In Proposition 2, we show
that a fast-moving node achieves the same throughput when the battery capacity becomes infinite.

e  Throughput scaling law: In Proposition 3, we prove that the throughput scaling is given as
(€] (min (1,1 cmm(]"mf)>(We recall that the following notation: (i) f(n) = O(g(n)) means that
there exists a constant ¢ and integer N such that f(n) < cg(n) forn > N. (i) f(n) = O(f(n))
means that f(n) = O(g(n)) and g(n) = O(f(n)).) where n and m denote the number of nodes
and WCSs respectively, and c is a constant (0 < ¢ < 1). As the network becomes denser,
the throughput depends on the ratio I and becomes independent of node speed.

Note that the approach in this work is similar to that of our previous work [33] as both apply a
Markov chain to model an energy-constrained mobile network. In [33], it is assumed that nodes follow
the i.i.d. mobility model, which allows us to include only the residual energy status as a Markov chain
state. On the other hand, our current work focuses on finite node speed, which limits node movement
within a restricted area. In other words, the current node location depends on the previous one.
Therefore, we should take into account not only the residual energy, but also the location information
of a node when designing a Markov chain model. Our paper illustrates that the throughput under the
ii.d. mobility model in [33] can be understood as an upper bound, which is achievable when (i) node
speed becomes faster; (ii) battery capacity becomes larger or (iii) node density increases.

The rest of this paper is organized as follows: In Section 2, we explain our models and metrics.
In Section 3, we introduce a two-dimensional Markov chain design and derive its steady state
probabilities. In Section 4, we verify how the node speed effect is affected by battery capacity and node
density. Finally, we conclude this paper in Section 5.

2. Models and Metrics

2.1. Network Description

Consider an energy-constrained IoT network where n nodes and m WCSs are randomly
distributed in a torus area (A torus area refers to finite and boundary-less region such that one
side’s edge is connected to the opposite one. In this model, the boundary effect disappears, enabling
the analysis of the performance tractably from the viewpoint of one typical node. ) of size VS xS
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(in meter?). Time is slotted and one slot is large enough to transmit a single packet. A node is assumed
to change its direction randomly at every slot with constant speed of v (meter/slot), namely, we have:

[Xe(t+1) = X (1) = v, ey

where X, (t) is the location of node ¢ at slot t and || - || means the Euclidian distance. The assumption
makes sense because an IoT node requires much longer latency than conventional cellular networks to
transmit data, say up to a few seconds [34].

A node enables transmitting its packet to one of its neighbors within 7 (in meters) defined as the
transmission range. For an interference model, we use the well-known protocol model [35] where the
packet transmission is successful only when the other transmitting nodes are no less than r. Too large r
leads to frequent transmission failures because there are many interfering nodes. To avoid excessive
interference, the transmission range r is set to the average distance to the nearest node in the area.

2.2. Two-Phase Routing

A pair of source and destination nodes is given randomly. Unless there is the corresponding
destination node of a source node within the range 7, its packet should be delivered via a relay node.
This paper adopts the two-phase routing [35] as follows:

e Mode switch. In the beginning of each slot, a node becomes a transmitter or a receiver with
probability g or 1 — g, respectively. Without loss of generality, we set g = 0.5.

e  Phase 1. In odd slots, let us consider node ¢ becomes a transmitter. If there is at least one receiver
within transmission range r, node ¢ forwards its packet to one of them. This receiver node can be
the destination of node /.

e  Phase 2. In even slots, let us consider node ¢ becoming a receiver. If there is at least one transmitter
within transmission range r and one of them has a packet whose destination is node ¢, it forwards
the packet to node ¢. This transmitter can be the source of node /.

In [35], the throughput of the two-phase routing is defined as follows:

Definition 1. (Throughput) Let M,(t) be the number of node {’s packets that its corresponding destination
node receives during t slots. We say that the throughput of A is feasible for every S-D pair if:

1
iminf —~ M, > A
hgg}f tM/ () > A 2)

When a node transmits a packet, a constant amount of energy is consumed defined as one unit of
energy (It is implicitly assumed that a modulation and coding scheme (MCS) is fixed and constant power
is required to deliver a packet within the transmission range. It is interesting to adjust the level of MCS
to improve the energy efficiency, which is outside the scope of current work.). A node is called active
when it has at least one unit of energy. Otherwise, the node is inactive. Let pon denote the probability
that a node is active, defined as an active probability. In [33], the throughput A is given as follows:

A= %qponeXp (—gqpon) (1—e><p (%(—Hq))). ®)

It is shown that the throughput A (3) depends on pon, which is determined by the process of
energy recharging introduced in the sequel.

2.3. Recharging Mechanism by Wireless Charging Stations

Inactive nodes are unable to transmit packets in their buffers. To supply energy to them,
m WCSs are deployed in the network. WCSs recharge nodes via WPT. No interference between
data transmission and energy transfer exists because each of them use a separated band.
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The energy transferred to a mobile is given by the product of the maximum deliverable units of
energy E and the energy transfer efficiency 7(x), where x is the distance to a WCS. Let R, denote the
maximum distance that a node can receive y units of energy. Without loss of generality, the efficiency
7(x) is a monotone decreasing function of x, and the charging range Ry is determined by finding the
value of x that E - 7(x) becomes y, such that R, = {x : E- 7(x) = y}. Let Y;(t) denote the location of
WCS s at slot t. The distance between node £ and WCS s is given as || X,(t) — Y5(#)||, and the amount
of recharged energy v (in units of energy) is

5]

;[ Xe(t) = Ys(B)]] < R,
R < [ Xe(H) = Ys(B)| <R k=1,--- ,E—-1, 4)
0, otherwise,

B

v([[Xe (1) = Ys()]]) =

where Rp < Rp_1 < - -+ < Ry. Define a charging range as the maximum distance that a node receives at
least one unit of energy from the connected WCS. Given the above recharging mechanism, the charging
range is equivalent to R;. The time required to transfer energy from a WCS to a node is extremely
short compared to one slot. This means that the contact duration is long enough to deliver up to E
units of energy under finite speed. It is a reasonable assumption because the maximum power transfer
rate of magnetic resonance coupling is 12 (in Watts) [36], whereas that of an IoT device is 23 (in dBm),
approximately 0.2 (in Watts).

The battery of each node is recharged by one of WCSs. When a node is in the coverage of multiple
WCSs, it is assumed to receive energy from one of them due to the practical alignment technique
limitation. The maximum battery capacity of each node is set to L units of energy. If the sum of residual
and recharged energy are larger than L, a node stores up to L units of energy, and the remaining
is thrown out. A WCS can recharge up to u nodes within one slot using the technique of tracking
resonance frequencies. For example, it is experimentally shown in [37,38] that up to two devices
can be charged by using the technique of the said resonant frequency splitting and load balancing,
respectively. When there are more than u nodes within the coverage, the WCS randomly selects
u nodes among them.

Each WCS always monitors its own remaining energy. If the remaining energy is below a certain
level, it communicates with an operator station by using its communication module. The operator
station then sends the charging vehicle, which recharges the WCS before its battery runs out.
This means that all WCSs always have sufficient energy.

3. Stochastic Modeling of Energy-Efficient Opportunistic Internet-of-Things

In this section, we design a two-dimensional Markov chain in which the horizontal and vertical
state dimensions represent the residual energy and the distance to the nearest WCS, respectively.
We first outline our Markov chain design, and then derive the steady state probabilities to determine
the active probability Pop (3).

3.1. Two-Dimensional Markov Chain

The state space of the proposed two-dimensional Markov chain ¥ is given as follows:
¥={(ed):0<e<L 0<d<M}, 5)

where parameter e is the number of remaining units of energy, and d is a discrete number indicating
the distance to the nearest WCS by the following rule:
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0, if ming || X,(f) — Ys(8)|| < Ry,
1, else if ming || X, () — Ys(t)|| < R1 + o,

d= ’ 6
k, else if ming || X, () — Ys(t)|| < Ry + ko, ©)
M, otherwise,

where min; || X, (t) — Y5(#)|| represents the distance from node ¢ to the nearest WCS (in meters), and the
charging coverage R; and node speed v are specified in (1) and (4), respectively. The number M in (6)
can be interpreted as the resolution of the Markov chain in the sense that larger M is able to express
the trajectory of node ¢ more accurately. The number d is defined as a relative distance meaning that a
physical distance (in meters) is normalized by node speed v.

Figure 2 represents an example of the two-dimensional Markov chain when WCS can deliver up

to two units of energy to a node within one slot (E = 2). The state transitions are explained as follows:

State transition by node mobility: The state transitions to the up or down arise when the relative
distance d (6) becomes shorter or longer, respectively. Let P;; denote the probability that the
relative distance 4 is changed from a to b, i.e.,

Pij(t) =Pr[d =jatslott+1|d=iatslott]. 7)

The mobility model follows a time-invariant Markov process of which the transition probabilities
are constant regardless of slot £, and P; j(#) can be simply expressed as P, ; by omitting the index .
The exact form of P; ; is in Appendix A.1 with its derivation. All transition probabilities P; ; are
constant regardless of the residual energy status.

State transition by data transmission: The state transition to the left happens when node ¢
transmits a packet to one of neighbors nodes. Let p; denote a probability that an active node can

transmit its packet as
7'”’2 n—1
th{l—{l—(l—q)s} } ®)

The detailed derivation is in [33]. Unless its residual energy e is zero, the transmission probability
P is constant regardless of the relative distance d (6).

State transition by energy charging: The state transition to the right arises when the node is
recharged by a WCS. This event only happens when the node is selected by one of WCSs is in the
charging coverage, and these are only stipulated on the lowest state transition (d = 0). Recall that
each WCS can charge up to u nodes in a given slot. We define a charging probability p. as the
probability that node ¢ becomes one of u selected nodes, i.e.,

1-— r)/(u/ n)m

Pc= W, C)]

where y(u,n) = 1— "ElZF(u -2%n-1, ”1212) — 1 (1 —F(u—1;n, ”1;12) and F(k;n,p) =
EZ‘C:O (Mp'(1 — p)"~' is the cumulative distribution function (CDF) of the binomial distribution

1
with parameters k, n and p. The derivation is given in Appendix A.2. The number of recharged
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units of energy depends on the distance to its associated WCS. Let (k) denote a probability a
node receives k units of energy as follows:

RZ2—Rpii? .
%, ifk=1,--- ,E—1,

o if k
Ry’ ifk=E

k) =

=

A node in the charging coverage thus receives k units of energy with probability p.S(k).
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Figure 2. Two-dimensional Markov chain of which the horizontal and vertical state dimensions

represent the number of remaining units of energy and the relative distance to the nearest WCS
normalized by node speed, respectively.

3.2. Steady State Probability and Throughput

Let 7,4 denote the steady state probability when the residual energy of node ¢ is e units
of energy and the relative distance is d. Then, we make the following steady state vector

T o= [ 70,0, TTOM,  TTL0, " TOLM, " TTLO, - TTLM ], which is partitioned according to the
number of remaining units of energy, i.e., T = [ Ty T - ML ], where
T = { Te0 Teq **° TleM ] (10)

In order to derive 7t, we make the following balance equation:
Q=0 nl=1, (11)

where 1 is the column vector where every entity is one, and Q is the generating matrix of the
corresponding Markov chain:
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BpA2A3 0 0 ... 0 0 0
ApA1A2A3 0 ... 0 O 0
0 ApA1A2A3... 0 O 0
Q= ¢ i . (12)
00 0O0O0...A14; Az
00 00 O0...AA4, Aj + Az
00 0 O0O0...0ApA1+Ax+ A3

Its sub-matrices By, Ao, A1, A2 and Aj are expressed as follows:

—Poi—pc Por 0 0
Pp  —Pio—Pip Py 0
By = 0 Py =P —DPy3- 0 ,
0 0 0 o —Pyaa
pio 0 peB(1) - 0 I
Ag=|: " | =pl, A1 =Bo—AgAr= o, As= oo
0 pr 0 -0 0 -0

After solving the balance equation of (11), we can caculate the active probability Py, as
L
Pon =) ml=1-ml. (13)
e=1

With (3), the throughput A is given as

A= %q (1 — 7rol) exp (—gq (1- 71'01)) (1 —exp (g(—l + q))) . (14)

4. Performance Evaluation of Energy-Efficient Opportunistic Internet-of-Things

Based on the aforementioned mathematical framework, this section attempts to analyze the effects
of node speed on throughput in terms of inter-meeting time, battery capacity, and node density, each of
which is verified by comparing Monte-Carlo simulations.

4.1. Inter-Meeting Time and Throughput

This subsection aims at analyzing the effect of node speed v on throughput A using the
inter-meeting time defined as follows:

Definition 2. (Inter-meeting time) Consider that there are node £ and WCS s in the network. The inter-meeting
time Ty is the interval between adjacent meeting events between node ¢ and WCS s:

T =inf{t>0:Z, =1|Z =1}, (15)

where Z; is an indicator to check whether a meeting event occurs between node ¢ and WCS s at time t.
IF[| X, (8) = Ys(8)|| < Ry, we set Z; to one. Otherwise, Z; = 0.
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The inter-meeting time T is related to the energy starving period of the node because the node
has no opportunity to receive energy until it meets one of WCSs. The stochastic features of Tj is thus
related to an energy provision process of an arbitrary node. Let P denote an M by M matrix of which
the elements represents the transition probability P;; (7) (1 < a,b < M):

p1 Py Pip... Poyo1 Py
p2 Py Popoo Pry-1 Pom
P=| . |= . ) . , (16)
PMm Py Py - Py-1,m Pym
where p; = <Pd,1 Pio... Py Pd,M). From P (16), we derive the stochastic distribution of

inter-meeting time T; in the following Proposition:

Proposition 1. The complementary cumulative distribution function (CCDF) of the inter-meeting time T is
M

Pr(Ty >t =Y ymAt, (17)
i=1

where A; is the it eigenvalue of P (16) (1 > Ay > -+ - > Ay > 0). The coefficient «y; is
i = poaib;,

where vectors a; and b; are the right-hand and left-hand eigenvectors of A; such that Pa; = A;a; and
b P = A;b}, respectively.

Proof. see Appendix A.3. [

Figure 3a shows the CCDFs of inter-meeting time T;. We use the energy transfer efficiency
function in [39], i.e., T(x) = —0.0958x% — 0.0377x + 1.0, which is obtained through the curve fitting
of the experimental results of [40]. We numerically measure the inter-meeting time T; by changing
the node speed as v = 1, 2, 3 and 6 (meters/slot). When the length of one slot is set to a second,
the concerned sets of speed represent the cases of stationary, walking, slow vehicle and fast vehicle,
respectively [41]. It is shown that higher node speed v reduces the number of lengthy inter-meeting
times. A node with faster speed can reach the charging coverage of the WCS within a few slots,
reducing the occurrence of lengthy inter-meeting times. A node with higher speed enables to move a
new location far away from its previous one. In other words, the event of meeting WCS depends on
the ratio of the charging coverage to the network area, i.e., % = ”5212 ~ 0.053 as does the i.i.d. mobility
model. With increased node speed, the distribution converges to that of the i.i.d. mobility model
following the exponential distribution with parameter y ~ 18.7174. It is verifed by simulation that the
analytic result in Proposition 1 follows similar tendencies of practical mobility models e.g., Brownian
motion and random waypoint (See Appendix A.4).

The CCDF of T; of (17) is the sum of powered eigenvalues with the exponent ¢. As t becomes
larger, it is simplified by the largest eigenvalue A because other terms decay faster:

Pr(T; > t] =~ Al (18)

The eigenvalue A, is called the spectral radius of matrix P (16). As the spectral radius becomes
smaller, the approximated CCDF (18) decreases much faster in the regime of large ¢. This indicates that
lengthy inter-meeting times are infrequent when A; is small. In Table 1, we summarize this spectral
radius Aj as a function of node speed v and show that A; is a non-increasing function of node speed
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v. Consequently, higher node speed decreases spectral radius A and produces fewer occurrences of
lengthy inter-meeting times.

003 B -

003

—o—Simulation (v=1.0)
—a—Simulation (v=2.0)
—o— Simulation (v=3.0)
—s— Simulation (v=6.0)
Simulation (i.id mobility model)
—o- Analysis (v=1.0)
— - Analysis (v=2.0)
-0~ Analysis (v=3.0)
~ % Analysis (v=6.0)
—-=- Exponential distribution (1=18.7174)
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Figure 3. (a) The CCDF of inter-meeting time under different node speed v (meter/slot); (b) expected
throughput as a function of node speed v (meter/slot). Parameters: Network size S = 400 (in meter?),
battery capacity L = 10 (units of energy), the maximum number of simultaneous transferable nodes
u = 1, the maximum transferable energy per slot E = 3 (in units of energy), the number of nodes
n = 10, and the number of WCSs m = 1.

Table 1. Spectral radius A; as a function of node speed v (meters/slot). The same parameter setting is
used as Figure 3.

v=05 v=10 9v=15 ©v=20 ©v=25 ©v=30 ©v=35 v=40 ©v=45 ©v=50 ©v=55 0v=6.0
A1 09985 09953  0.9903 09845 09780 09714 09649 09585 0.9534 0.9492 09471  0.9457

The above feature of the inter-meeting time affects the energy provision process as shown in
Figure 3b. When node speed v is 0.5 (meters/slot), the throughput A is nearly one-third of that
of the ii.d. mobility model. A node is unable to receive energy for a long time due to frequent
lengthy inter-meeting time and remains in an inactive state. This results in the decrease in throughput.
As v increases, on the other hand, the inter-meeting time decreases. This leads to the reduction in
energy-starving period and the improvement of throughput.

4.2. Battery Capacity and Throughput

Consider a slow-moving node who stays in the charging coverage for a long duration. The node
can receive energy continuously from the connected WCS. Nevertheless, the node is unable to
save more than L units of energy due to the battery capacity constraint. In other words, the node
can remain active longer with larger battery capacity. To explain the phenomenon, we make the
following proposition.

Proposition 2. When the battery capacity L becomes infinite, the throughput of an energy-constrained network
A becomes independent of node speed v as

A= gp (1 —exp (@)) -exp (—gq'P) , (19)

o pe 7R 2\ M E
p = min {1% {1— (1— 51 ) } <gkﬁ(k)>}. (20)
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Proof. See Appendix A.5. [

Figure 4 represents the throughput A as a function of battery capacity L. As L increases,
A increases and converges as mentioned in Proposition 2 (see the black dotted line). A noticeable
point is that Proposition 2 is achievable under a finite battery capacity. If a node can store enough
energy to sustain the inter-meeting time, it remains in an active state and achieves the throughput in
Proposition 2. We calculate the mean of the inter-meeting time E[T;] from (18) and the spectral radius
A1 in Table 1:

E[T[] = ZPI‘ [T[ > t} ~ Z(/\l) =1 (21)
t=0 t=0 1

When the battery capacity L is no less than E[T;], the throughput A becomes the same as that in
Proposition 2 (19). For example, when node speed v is 0.5 or 1.5 (meters/slot), its spectral radius A; is
0.9985 or 0.9903 (see Table 1) and its corresponding E[T;] becomes 666.67 or 103.09, respectively. As a
result, a battery capacity larger than E[T;] is understood as a necessary condition to achieve the upper
bound in Proposition 2.
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Figure 4. Throughput vs. battery capacity L. The same parameter setting as in Figure 3 is used
unless specified.

4.3. Node Density and Throughput

Since the seminal work by Grossglauser and Tse [35], investigating the relationship between
throughput A and node density 1 has been the most fundamental issue with mobile networks;
therefore, the impact of irregular energy provision due to low node speed has not yet been studied.
In this subsection, we investigate this effect through some numerical evaluations and the following
throughput scaling law.
Proposition 3. The scaling law of the throughput A is:

o : T min( 1, % )
A7®(mm<1,n)c ), (22)

where 0 < e~ %4 < ¢ < 37%(215:1 kB(k)) <l,anda=1-— e a(-a),

Proof. See Appendix A.6. [
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Proposition 3 indicates that the throughput A is a function of the ratio of the number of WCSs m
and the number of nodes 7, and independent of node speed v. A node with low speed receives energy
from WCSs irregularly, yielding the decrease of throughput. Compared with fast-moving one, it needs
more WCSs to maintain the same throughput. As the network becomes denser, however, the penalty
due to slow speed disappears and we only consider the ratio %f when installing WCSs. In order to
achieve the constant throughput of ©(1) as in [35], for example, ©(n) WCSs is required regardless of
node speed.

Note that the scaling law in Proposition 3 of (22) is the same as that of the i.i.d. mobility model
in [33]. Figure 5 shows that the throughput A always converges to that of the i.i.d. mobility model as
the number of nodes n increases. This implies that a high node density makes nodes look as if they are
moving at a fast speed in the sense that the i.i.d. mobility model allows a node to increase moving
speed v up to the network size. When calculating the throughput of a dense mobile network with
WPT, it is a reasonable assumption that nodes move according to the i.i.d. mobility model.

—a—Simulation (v=0.5)
—=—Simulation (v=1.0)
003 Simulation (i..d mobility model)

- & - Analysis (v=0.5)

— 6 - Analysis (v=1.0) —&— Simulation (v=0.5)

Analysis (i.i.d mobility model) —=— Simulation (v=1.0)

Simulation (i..d. mobility)

- © - Analysis (v=0.5)

Throughput A (packet,/time slot)

- & - Analysis (v=1.0)

Analysis (i..d. mobility)

10 102
Number of nodes n Number of nodes n

(@) The number of WCSs m = 1 (b) The number of WCSs m = 10

Figure 5. Throughput vs. node density n. The same parameter setting as in Figure 3 is used
unless specified.

5. Conclusions

In this paper, we have investigated the throughput of an energy-constrained opportunistic IoT
network where WCSs are deployed to recharge IoT nodes when they are in the charging coverage.
Given the network architecture, the energy provision pattern follows the speed of the corresponding
node. Namely, a slow-moving node outside a WCS’s charging coverage waits a long time for energy
supply from WCSs, whereas a fast-moving one can receive energy from a WCS within a short interval.
The analytical and numerical results have shown that this distinct energy provisioning difference leads
to the throughput gap between slow- and fast-moving nodes especially when the battery capacity
is finite and IoT nodes are sparsely deployed. This finding provides useful guidelines for designing
energy-efficient opportunistic IoT networks. First, a WCS should prioritize the charging opportunity
of nodes depending on its speed to improve energy provision efficiency. Second, the battery capacity
of an IoT node can be minimized by predicting its speed. Finally, the deployment strategy of WCSs
should be different depending on node speed such that a relatively less number of WCSs per node is
enough to support the whole nodes in area of high mobility, e.g., motorway, while more WCSs per
node are required to guarantee the same throughput in area of slow mobility, e.g., pedestrian way.

The current work can be extended in several directions. In this work, we consider the simple
mobility model where each node moves without preference. In practical, on the other hand, people are
likely to visit some popular places frequently, making it very challenging to supply enough energy
due to the relatively high node density in the area. Next, considering vehicular scenarios such that
safety-information is disseminated based on vehicle-to-everything (V2X) communication is aligned with
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the recent trend of wireless communications. Moreover, considering the economic aspect of WCSs is
another interesting avenue for future research.

Author Contributions: The contributions of S.-W.K. were to analyze the main results and verify them by
simulation, while S.-L.K. suggested the key motivation and advised the idea about the mathematical framework
for tractable analysis.

Funding: This research was supported by a grant to Bio-Mimetic Robot Research Center Funded by Defense
Acquisition Program Administration, and by Agency for Defense Development (UD1600271D).

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

WPT Wireless power transfer

IoT Internet-of-things

WCS Wireless charging station

D2D Device-to-device

RF Radio-frequency

WCV  Wireless charging vehicle

iid. Independent and identically distributed
QoEP  Quality of energy provisioning

MCS Modulation and coding scheme

CDF Cumulative distribution function

CCDF  Complementary cumulative distribution function
V2X Vehicular-to-everything

BM Brownian motion

RWP Random way point

BMAP  Batch Markovian arrival process

QBD Quasi-birth-death

Appendix A

Appendix A.1. Derivation of Transition Probability P; ; (7)

Let D; denote the distance between a node and a WCS at time . Since nodes and WCSs are
uniformly distributed in a torus area, the conditional probability that D;; is smaller than or equal to
Xp given Dy = x1 is

0, ifv+x <xp0rv—axy > xq,
arccos <7UZ+X1 2 7)(% )
Pr|[Dit1 < x2|Df = x1] = Zox . Al
[Di1 < x2| Dy 1] — ! Jif [v— x| <x13 <v+xp, .
1, ifxg —v > xq,

which is based on the fact that nodes and WCSs are uniformly distributed in a torus area. From the
conditional probability (A1), we derive the joint cumulative distribution function (CDF) that Dy is
smaller than or equal to x1, and D; 1 is smaller than or equal to x;:

X1
Pr[Dy < x1,Dpqq < 1) = /0 Pr[Dyy1 < x2|Dy = x] fp,(x)dx. (A2)

Using (A2), we calculate the following joint probability:

ccPr [xl < Dy <xp,x3 < DH—l < X4} =Pr [Dt < xp, DH—l < X4]

(A3)
— [Dt < x1, D41 < x4] = Pr[Dy < x9,Dyyq < x3] + Pr[Dy < x1, Dy < x3).
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By inserting the boundary values of the i and j states in (6) into x1, X2, x3 and x4 in (A3), we can
derive the joint probability a; ; that relative distances d of (6) in slot f and ¢ + 1 are i and j, respectively.
For example, to calculate ag 1, we set x; = 0, xo = Ry, x3 = Ry and x4 = Ry + 0.

Define A, as the joint CCDF that distances d; and d;;; are respectively no less than a and b
when the number of WCSs m is one, which is expressed as the sum of a; , i.e., Ay = Zf\i " Z]-I\i b Qi j-
Noting that each location of WCSs is independent, we derive P; j in terms of A, j, as follows:

e Ifi=0,
AT A M .
1— U ifj=0,
1—(1-285 )
— Agr " =A™ .
PO’j - — 1 7Ty lf] = 1,
1 (1 7rR12>
(1R
0, otherwise.
e IfO<i<M,
Av vm_A. .m . . .
1— z,zz z i+l Y7/ lf] =i—1,
{1 7(Ry+(i-1)v) 1 7(Ry+iv) }
-5 R R
Aii" = A" = Ai,i" A i i
- o\ o\ J=1
P {17 7(Ry+(i—1)v) - 71(Ry+iv) }
ij = S S
A M A M P .
ii+1 s i+1i+1 - ifi=1 + 1,
2 2
{1in(R1+(i—l)v) } 7{17H(R1+iv) }
S S
0, otherwise.
o Ifi=M,
A 4M—A m oo
MM 1 N;,Mm/ 1f] =M-1,
(1 7(Ry +Mo) )
_
— A m oroe
Pyj=q MM ifj=M,
(1 n(R1+sz)2>
o)
0, otherwise.

Appendix A.2. Derivation of Charging Probability p. (9)

Given that there are h WCSs within R; from a node, the probability that the node is charged by
one of the WCSs p.(h) is

h
n—1 2
pe(h) =1— |:1 - Zmin {1,%} f <£;n -1, 7'[1;1 >} =1-T1", (A4)
(=0 .

where f(n;k, p) is the probability density function of the binomial distribution with parameters , k
and p, and

mRy? u <1 -F (u —Ln, m§12>)
Fr=1-Flu—2n—1, - o . (A5)
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The probability that there are h WCSs within R; from a node is f <h; m, "@12).

Therefore, the charging probability p. is

Sy pe(n)f (i

, )
Pe = 1_(1_%]2>m . (A6)

The denominator of (A6) represents the probability that the node is in one of the WCS's charging
coverage. After substituting (A4) into (A6), the charging probability p. becomes

ccpe=1— Zh 1 (h) (A”R1 ) <1 — 7r1§12>m*h _ 1 _Zh O(m) (ArrR1 ) (1 _ m;]Z)m—h

(AT[Rl 41— an >m

17(17%)7"

Plugging (A5) into (A7) completes the proof.

Appendix A.3. Proof of Proposition 1

According to [42], the CCDF of Ty is Pr[T; > t] = poP'~'1. Assume that matrix P (16) is
invertible (It is a reasonable assumption that the transition probability, expressed as a row vector in
P, is independent of the current location status d (6) unless speed is infinite, and P is likely to be a
full rank matrix guaranteeing the existence of M eigenvalues. It is also verified numerically under
numerous combinations of parameter settings.), and it can be diagonalized as follows:

AM O 0 bT
P=vDV!= (a1 g uM) (:) A:Z ? b:ZT . (A8)
00/ \ol
Therefore, P!~ 1 is

Pl=v(D)lv1= ZG (A9)

where G; = uibiT are M x M matrices of which the sum is an identity matrix (Z?ﬁl G; = I).
From (A9), Pr [T} > t] is given as

M M
Pr [T[ > t] = Z poGil/\itil = E Yi- )Litil.
i=1 i=

Matrix P (16) is called a sub-stochastic matrix because every row sum is 1 except the first one
due to a strictly positive transition probability P; . Noting that every eigenvalue of an irreducible
sub-stochastic matrix is less than 1, A; should be smaller than one for every i.

Appendix A.4. Comparison with Practical Mobility Models

We measure the inter-meeting time of Brownian motion (BM) and random way point (RWP),
which is shown in Figure Al that the analytic result tends to overestimate the frequency of long
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inter-meeting than the practical models due to its constant moving speed. Nevertheless, the overall
tendencies are quite similar especially when speed becomes high.

o

10

=)

—&— Brownian motion (v=1.0)

Random waypoint (v=1.0)
— 4 — Analysis (v=1.0)
——&— Brownian motion (v=2.0)

®

CCDF of Inter-meeting Time T
3
T

Random waypoint (v=2.0)
— &~ Analysis (v=2.0)
—&— Brownian motion (v=6.0)
— © — Analysis (v=6.0)

Random waypoint (v=6.0)

1
10° 10

1

Time slots

Figure Al. The CCDF of inter-meeting time of practical mobility models. The same parameter setting
as in Figure 3 is used unless specified.

Appendix A.5. Proof of Proposition 2

As L — oo, this Markov process (12) becomes batch Markovian arrival process (BMAP), of which
the stochastic process can be described by the mean steady-state arrival rate A derived as follows.

First, an infinite generator D is given as

_PO,l PO,l 0 e 0
Py —Pio—Pip  Pip 0
D=By+Ay+Az+ - +Ap_q = 0 Py Py =Pz 0 . (A10)
0 0 0 - —Pymi

Let ¢y denote steady state probability that the relative distance d is k. We make the following row
vector ¢ as

¢ = |Po, 1,92, -, (PM} = [Z,L:o 70,5, Z/'L:o T0,j, Z]'L:o T, Z]L:o ﬂM,j] ,
which can be derived by solving the following equations.

¢D =0, ¢1=1. (A11)
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From (A11), we have
1-(1-7%2)", ifk =0,
2 m
o = (177r(R1Jng) ) , ifk=M, (A12)

{1 n(Rﬁ(écfl)v)z }m_{ 1 ”(Rls““’)z }m, otherwise.

Finally, we derive the mean steady-state arrival rate A from (A12),

A= ¢<kilkAk+1>1 = pc{l— <1—”I;12> m} <kilkﬁ(k)>.

If A < py, the active probability Pop, is

Pon = % = Zi{l (lnI;lz) }<ékﬁ(k)> (A13)

Otherwise, Pon = 1. After inserting (A13) into (3), we complete the proof.

Appendix A.6. Proof of Proposition 3

For the first step, we check the ratio % as the number 7 increases,

m u H

n 2 — if m = O(n),
P o BTGB (a1

h R? _m_ 1 , otherwise.
P Q<1_(1_%)m> (l—e i ”/)) ,,(17(17%1{%)0 (1%*%(1*@)
We already proved the upper bound in Proposition 2 (19) as follows:
. m i 1[&
A < Agpper = O (min(1, )eymin (1)), (A15)

where ¢; = o~ 51 (TEakB(0)

In order to derive the lower bound, consider that each WCS only delivers one unit of energy to a
node in a slot (E = 1). Since the submatrices A, and A3 in the generating matrix Q (12) is null matrices,
the Markov process becomes finite Quasi-Birth-Death (QBD) Process. In [43], the authors showed that
the steady state probability vector 7ty (10) of finite QBD can be expressed in a matrix geometric form:

T = iR+ Rk (A16)
Here, matrices Ry and R; are

Ry = —Az(A1+iAg) (A17)

Ry = —Ag(A1+A9G) 7}, (A18)
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where 7 is the spectral radius of Ry, and G is the square matrix that the every element of the first
column is one and the others are zero. Detailed derivations of Ry and R, are in [44]. Row vectors v1
and v, satisfy the following conditions:

Bi+R1Ag  Ri' (Ap+R1(A¢+Bo))

=0, A19
Rl 7Y (RyBo+Ao) Ag+A1+R2A¢ (A19)

e

i=0

L . L .
(vlleurvllel)l =1 (A20)
i=0 i

The boundary condition (A19) is derived by inserting (A16) into the first and last columns of the
balance Equation (11), and condition (A20) means the summation of the entire steady state probabilities
is one:

pePortpe 1 prPoatpe P pePoy pe Po1 Pro
X, = | Pe Pro pe P P X, — pe Pro pe Pro Pog
1 ﬂpor]JrPle pi Poatpe Pia | pe i 2 ﬂpor1+p“+1 pi Poatpe h"!‘ﬂ-i-l ’
pc Pio "7 pc Pio Pon ' P pe Pio pe Pio P ' P
pePoy pePor P
_ pe Pro Pe Pro Poy
X3 = ﬂPO,lerUrl pr Pogtpe P |f (A21)
pe Pio pe Pio P
ab
where = ad—bc.
cd

From the Equation (A16), the active probability Py, (13) is rewritten as follows:
Pon = 1—(v14+v2RoF)1. (A22)

Since the active probability Py, is a non-decreasing function of the battery capacity L, we make
the following inequality condition:
Pon > 1—(v14+02R2)1 = | v1)_Ry'+91)_Rq' |1—(v14+02R2)1 = (v1R1+0;)1L. (A23)
i=0 i=0
All elements in matrix Ry is zero except the first row, and the first element of vy is zero. Therefore,

v1R1 becomes zero and the above inequality (A23) becomes

M
Pon > 021 =) 0p; > vap. (A24)
i=0

From the condition (A19), we make the following relations between v{ and vy,

v = —02 (R2+PtBo_1), (A25)
U1+Z72(I+R2) =¢. (A26)

After inserting (A25) into (A26), we derive v; as

vr=p(1-pBo!) . (A27)
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According to numerical verifications, it is checked that v is an increasing function of the
resolution factor M. When M = 3, the vector v, becomes:

X _p X2 X3
_ 1 ! i X1 Xo+d3 X3 Pe (4’1 ¢2Xf+¢3X?)
0 X, X X | o2 | T (DK EXpt X pr 2  (A28)
P 1= Xotp Xa |y P 1= Xot 5 X3

where X;, X, and X3 are described in (A21). As n increases, the ratios % and % reduce to zero.
From the inequalities (A24) and (A28), the active probability Py, is

pe {17(17%1*}.

pe 1
Pon > === A2
> Dl =1 > (A29)
We can derive the lower bound of the throughput A as
. m —
A > Njower = ®<mln<1r;>c2mm(1l " )>r (A30)

where ¢y = e~ ¥ . From the upper bound (A15) and lower bound (A30), we complete the proof.
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Abstract: Full-duplex (FD) communication and spatial modulation (SM) are two promising
techniques to achieve high spectral efficiency. Recent works in the literature have investigated
the possibility of combining the FD mode with SM in the relay system to benefit their advantages.
In this paper, we analyze the performance of the FD-SM decode-and-forward (DF) relay system
and derive the closed-form expression for the symbol error probability (SEP). To tackle the residual
self-interference (RSI) due to the FD mode at the relay, we propose a simple yet effective power
allocation algorithm to compensate for the RSI impact and improve the system SEP performance.
Both numerical and simulation results confirm the accuracy of the derived SEP expression and the
efficacy of the proposed optimal power allocation.

Keywords: spatial modulation; multiple-input multiple-output; full-duplex; self-interference
cancellation; symbol error probability

1. Introduction

Full-duplex (FD) communication and spatial modulation (SM) are two promising techniques to
increase the spectral efficiency of wireless systems [1-3]. Theoretically, an FD communication system
can double the spectral efficiency as its transceivers can transmit and receive signals at the same time
and on the same frequency [4,5]. Besides increasing the channel capacity, the FD communication
systems can also reduce the end-to-end and feedback delay, improve network security and solve
the hidden terminal problem. Therefore, the FD mode has found its applications in various wireless
systems such as sensor networks, massive MIMO , relaying networks and possibly future wireless
networks such as the fifth-generation (5G) and beyond. Unfortunately, the residual self-interference
(RSI) due to imperfect self-interference cancellation (SIC) limits the capacity and performance of the FD
communication systems [6]. In the literature, numerous solutions such as relay selection scheme and
adaptive transmission [7,8] and optimal power allocation [9-11] were proposed to reduce the impact
of the RSI and improve the performance of the FD relay communication system. These solutions
significantly improved the capacity, outage performance and energy efficiency of the single-input
single-output (SISO) systems.
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Meanwhile, the multiple-input multiple-output (MIMO) transmission is another solution that can
also achieve high capacity and better performance over the SISO systems [12]. However, the hardware
of the MIMO system is more complex, that is, more radio frequency (RF) chains, as both transmitter and
receiver user multiple antennas. The MIMO receiver also requires a high-complexity detector to deal
with the inter-channel interference (ICI) due to simultaneous transmissions on the same frequency from
different antennas. In that context, SM can tackle these issues correctly as it activates only one transmit
antenna for transmission and requires only low-complexity iterative maximal-ratio combining (MRC)
at the receiver for signal estimation [12-15]. Therefore, the combined SM and FD system achieves
higher spectral efficiency while reducing the complexity requirement at the transceiver, particularly of
the relay node.

In the literature, using FD relay in SM systems has attracted great interest because this
integrated FD-SM system has the advantages of both spectral efficiency improvement and performance
enhancement. Numerous works focused on analyzing the system performance in terms of the
outage probability (OP) [2], bit error rate (BER) [3], average symbol error probability (SEP), ergodic
capacity [16] and average BER [17,18]. Specifically, in Reference [2], the lower and upper bounds of
the OP of the SM-MIMO system with decode-and-forward (DF) FD relay were derived over cascaded
« — p fading channels. It also demonstrated that the RSI had a strong impact on the OP performance
of the system. The work in Reference [3] considered the SM-MIMO system with amplify-and-forward
(AF) FD/half-duplex (HD) relaying. It successfully derived a new unified tight upper-bound for the
system BER. The results of the paper indicate that the SM-MIMO-FD relay system can improve the
BER and the spectral efficiency if suitable SIC techniques are applied. Under the same assumption
of the RSI, References [16-18] investigated the SM-MIMO-FD relay systems which can exploit the
benefits of the FD transmission mode. The approximate expressions of SEP ([16]) and BER ([17,18])
were also derived for performance evaluation.

Although the previous works conducted various performance analyses, their results were
limited to either upper and lower bounds or approximate expressions but not the exact closed-form
expressions of SEP and BER. Therefore, it is required to have exact mathematical expressions for the
performance evaluation rather than the upper bound or approximate ones for better understanding
the system behaviors. Moreover, since the FD mode significantly degrades the system performance,
besides effective SIC techniques, there should be other solutions such as power allocation to compensate
for this degradation. Motivated by the previous works, in this paper, we aim to derive the exact
closed-form expression of the SEP of the SM-FD relay system with DF protocol applied at the relay
to enhance the system performance. Based on the derived expression of SEP, we can determine the
optimal power allocation for the FD relay to reduce the RSI impact on the SEP performance. So far,
this is the first work that successfully derives the exact closed-form expression of SEP and use it for
optimizing the power allocation for SM-MIMO-FD relay systems. The main contributions of this paper
can be summarized as follows:

e  We analyze the SM-MIMO-FD relay system where SM is used at the source and the relay nodes
under the impact of the RSI caused by the imperfect SIC. Unlike previous works, we derive the
exact closed-form expression of SEP for the system over the Rayleigh fading channel.

e We propose an algorithm to calculate the optimal transmission power of the FD relay.
Based on this algorithm, we obtain the optimal power allocation for the considered system.
The proposed optimal transmission power algorithm significantly improves the SEP performance,
especially in the low SNR region. Additionally, using the derived expression of SEP, we can also
examine the influences of the number of transmitting/receiving antennas and the RSI on the
system performance in the case with and without optimal power allocation.
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The rest of this paper is organized as follows. Section 2 presents the system model. Section 3
provides the detailed derivations of the closed-form expression of SEP. The optimal power allocation
algorithm for the FD relay is developed in Section 3. Section 4 presents the analytical and simulation
results for performance evaluation. Finally, Section 5 concludes the paper.

2. System Model

We consider a single-user single-carrier SM-MIMO-FD relay system with a source node S,
which transmits its signal to a destination node D via a relay node R as shown in Figure 1. Particularly,
S and D operate in the half-duplex (HD) mode with Ng transmitting antennas and Np receiving
antennas, respectively. The relay node operates in the FD mode with Nir transmitting antennas and
N;R receiving antennas.

Desired signal _Self-Interference - Desired signal
? ) == I — K
N
993

Y
Y

fl

S R D

Figure 1. System model of the considered SM-MIMO-FD relay system.

At time slot t, the received signal at R can be calculated as
yr(t) = v/PshRxs(£) + /Prhfxr(t) + zr (£), M

where hR and h® are respectively the channel vector from the ith active antenna of S to N,y receiving
antennas of R and from the jth active antenna of R to all reception antennas of R. These channels
are assumed to undergo flat Rayleigh fading, which can be modeled by independent and identically
distributed complex Gaussian random variables with zero mean and unit variance. xg and xg are the
transmitted signals at the ith antenna of S and the jth antenna of R, respectively; Ps and Py are the
average transmission power at S and R, respectively; zy is the noise vector whose elements follow a
complex Gaussian distribution with variance 2.

At the FD relay, we assume that the transmitting and receiving antennas are both directional,
thus there will be no direct link which causes the self-interference (SI) from the transmit to the receive
antenna. This SI is mainly due to reflections caused by multipath propagation. We also assume that
the system can use all SIC techniques in the three domains, that is, propagation, analog and digital,
to remove the SI [19,20]. Specifically, R can use all available isolation techniques to suppress SI. It can
use the cross-polarization transmission to isolate the transmitting and receiving antennas [19,21]. In the
analog domain, thanks to the SI awareness of analog circuits, the transmitted signal via the transmit
antenna is collected and then subtracted from the received signal. The RSI is then converted to the
digital domain for further SIC via digital signal processing. As R knows its transmitted signal, it can
subtract the SI from the received signal by using SI channel estimation [20,22]. Thanks to all these
SIC techniques, the relay node can achieve up to 110 dB SI suppression [23]. Moreover, since the SI
is canceled from the received signal in the analog and digital domain by reconstructing the SI signal,
the RSl is in effect the resulted errors due to the imperfect reconstruction or more correctly, the imperfect
SI channel estimation. Moreover, as the digital-domain cancellation is done after a quantization
operation, RSI at the relay rs; can be modeled using complex Gaussian random variable [4,17,20,23]
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with zero mean and variance of o2, that is 03¢, = Q1Pg where Q) denotes the SIC capability at the
relay. Therefore, the received signal at R can be rewritten from (1) as

yr(t) = /PshRxg(t) + 151(t) + zg(t), 2

and the received signal at the destination D is then given by
yp(t) = VPrhPxg(t) + zp(t), ®)

where hP is the channel vector from the jth antenna of R to Np receiving antennas of D; zp is the
noise vector at D. Both S and R are assumed to have the same N; transmitting antennas for the same
expected spectral efficiency. In the SM system, to estimate the transmitted bits, the receiver needs to
use joint ML detection for both the activated transmit antenna and the M-ary modulated symbols.
This joint detector is computationally complex, especially for the SM system with a large number of
antennas. Near-ML low-complexity detectors such as those summarized in Reference [24] or that for
the index modulation in the frequency domain [25] are more favorable for practical implementation.
In this paper, as we are interested in analyzing the effect of the RSI due to the FD mode on the system
performance, we assume that the receivers of both R and D can perfectly estimate the transmitted
antenna index of the respective transmitters for the ML detection.

From (2) and (3), we can calculate the instantaneous signal-to-interference-plus-noise-ratios
(SINRs) of S — R and R — D links as follows

Ps||hi* _
R = 2712 = ||h}3|‘27Rr 4)
Tret T
Pg[n?|?
1w =—_7— = [[*7, (5)
where yg = ﬁ and yp = % denote the average SINR at R and the average signal-to-noise-ratio

(SNR) at D, respectively.
Since the relay node uses the DF protocol, the instantaneous end-to-end SINR of the considered
system is defined as

Ye2e = min('YRr ')/D)- (6)
where g and yp are respectively the instantaneous SINRs at R and D.

3. Optimal Power Allocation for FD Mode

To find the optimal power allocation for the FD relay, we first calculate the SEP of the considered
system using the definition given in Reference [26] as follows

a 7 2\ 2
SEP = aE{Q(v/bree)} = v / F,Yek(?)e Y dt, %)
0

where 2 and b are constants whose values depend on the modulation types, for example, a = 1,b =2
for the binary phase-shift keying (BPSK) modulation [26]. The values of a and b are determined using
Table 6.1 of Reference [26]; Q(x) is the Gaussian function; 7, is the instantaneous end-to-end SINR of

336



Sensors 2019, 19, 5390

the considered system which is determined in (6); F,,, (.) is cumulative distribution function (CDF) of
Yee [21,27]. After some mathematical manipulations, (7) becomes

avb T e—bx/2
SEP = o= TF%Z"(x)dx' ®)
0

To obtain the closed-form expression of (8), we calculate the CDE, F,,, (x), of the probability
that the instantaneous end-to-end SINR falls below a defined threshold. Mathematically, F,,, (x) is
expressed as

Fyg. (x) = Pr{log, (Np) + logy (1 4 7eze) < R}
= Pr {7z < 288N _1}, ©)
where R is the minimum data transmission rate of the considered system; the term logZ(Nt) denotes
the number of bits which is used for activating the transmit antenna at the transmitters of (S or R).
Using the probability law of two independent variables A and B [28], that is Pr{AU B} =
Pr{A} + Pr{B} — Pr{A}Pr{B}, we have
Fy o (x) =Pr {’YeZe < R-logy(Ny) _ 1} = Pr{7eze < x}

=Pr{yr <x} +Pr{yp < x}
—Pr{yr < x}Pr{yp < x}, (10)
where x = 2R-1og2(N)) _ 1,

To calculate F,,, (x) in (10), we first start with the CDF and probability distribution function (PDF)
of the channel gain which follows Rayleigh fading distribution, that is,

Fipp(x) =Pr{|h? <x}=1—exp (—%),x}O, (11)
finp(x) = %exp (—é) ,x >0, (12)

where Q = E{|h|?} is the average channel gain; E denotes the expectation operator. In this paper,
for the ease of presentation, we choose () = 1 for all channel gains.
Then, we apply (11) and (12) to compute the probability in (10) as

Pr{7r < x} = Pr { |h}|P7x < x}

x
—re{me < £ . (13)
Based on the CDF of the summation of channel gains [20], this probability is calculated as
_x NrR_1 l Xi
Priyr <x}=1-—e¢ ™ = (14)
= "R
Using similar calculations, we can obtain Pr{yp < x} as
_x Npzlq 4
Pr{yp <x}=1—¢ i ) = (15)
= T
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Finally, F,,, (x) in (10) can be given by

x Nr-1Np—1 1 ,i+j

Fro(x) =1—¢ ®

. (16)
i~
e N
Remark: As shown in (16), the active antenna at the transmitter is hidden in the variable x because
x = 2R~loga(Nt) _ 1. Moreover, under the assumption that the receiver can estimate the index of the
transmitter’s activated antenna, it can successfully decode the transmitted bits used to modulate the
active antenna. Substituting F,,, (x) in (16) into (8), we obtain the closed-form expression of SEP
as follows:

SEP =

/b [ 4;1/2 /e—bx/z Cxx N—INp—l g 4y
e rred -

11! -

=0 = PRI

TR TD
221 \f
o aVb NN I(i+j+3)

17)

2 2V 33 b+ A+ hiitE

It is worth noting that we have used equations ([29] (3.361.2)) and ([29] (3.381.4))to solve the first
and second integrals in (17), respectively.

For the purpose of improving system performance and reducing the impact of the RSI in FD
mode, we can calculate the optimal transmission power of R to minimize the system SEP. The optimal
transmission power of R for minimizing the system SEP, denoted by Pg, is defined as

Pg = arg min SEP. (18)
Pr

To explicitly determine the minSEP in (18), we begin with two terms in (17), that is, SEP; and
SEP,, as follows

Nyr—1Np—1 1
sgp— 0 oV T h ey e (19)
2 2 S5 ith(h A+ )
SEPq
SEP,
where
a
SEP; = -, (20)
2
and
N;g—1Np—1 +1
sep, = Y2 _ Tl+j+3) — 1)
W S S iR + A+ )i

As mentioned in Section 3, after (7), since a and b are constants, SEP; = % is also constant.

Therefore, we have
min SEP = min(SEP; — SEP;) = SEP; — max SEP, = max SEP,. (22)

Next, (22) can be rewritten as

p Nir-1Np—1 i 41
min SEP = max SEP, max< avb — (1+ I 2) bl | (23)
W S5 Ty ( A+ )
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and (23) can be presented as

Nr—INp—1p1(j4 41 1
min SEP = max (NE Z g Jr,'].'Jr 2) X — 71 1 b 1 > (24)
V21 (% o Ly TRIp (55 + 75 +3) 172

It is noted that, in (24), a, b, Nyg and Np are constants; i and j are antenna indices which do not
depend on the transmission power of S and R. Moreover, I'(i + j + 1) is also a constant for the certain
values of i and j. Therefore, (24) is maximized when

1
1 byi+j+ (25)
Tep (5 + 55 +2)7
is maximized or
I | 1 b i1
sisl (2 — 4 TNitjts
—+—+ 2 26
'YR'YD(,YR D 2) (26)
is minimized.
In summary, the minSEP in (18) is given by
p Nir-1Np—1 1
minSEPmin(E— avh Z Z (11 12)17,,1
2V2n oy = it 'YR'Y]D = 7+§)1+J+2
ii, 1 1 boivi1
=min | 77 (= + — +5) Tz ). 27
<7R,YD(’YR o 2) 27)

Denote Pr = aPs and f(a) = 'yR'yD(7R + 5 £ s t3 )’+f+%. Now we need to find a*, which is the
optimal value of . Then for this given a*, we can obtaln Pg. The procedure for obtaining a* and Py is
summarized in the following Algorithm 1.

Algorithm 1 Calculation of optimal a* and P

1: Solve f< ) —0fora = wp;
) > O

2 if af( ) < 0fora < g
aJ;( ) > 0 for a > ag

3 then %

4:  Output optimal value of
a* = ap;
thus
sz = Dl*PS

5: else

6:  Output optimal value a* = @;

7: end

We will explain step-by-step the process of Algorithm 1 as follows.

e  Step 1: We take the derivative of af ( %) with respect to « and solve J;( %) — 0 to obtain the stationary
point xg. Specifically, after some basm algebra calculations, we obtain the following equation

f'(&) < 2Q0Psa® — 2bPsa — 9. (28)

339



Sensors 2019, 19, 5390

Then, a( can be calculated as

bPs + |/ Ps(b?Ps + 18()) 29)

Ky = = .
0 200Ps

e  Step 2: We check whether agia) is negative or positive in a specific interval to determine maximum

or minimum point. If % is negative when & < &g and positive when & > g, an optimal
transmission power Py exits and it is given by

bPs + \/ Ps(b?Ps + 18Q))
Py = . (30)

R 20

It is worth noting that (30) is the bounded optimal transmission power at the FD relay node and
it is often used for the systems with complex mathematical expressions.

. Step 3: Otherwise, if #* = @, depending on whether a’;ff) is less or greater than 0, we can select
an appropriate value of a* to get Py.

4. Numerical Results

In this section, to validate the derived mathematical expressions in the previous sections,
we provide analytical results together with the Monte-Carlo simulation results for comparison.
For ease of presentation, both S and R use two transmitting antennas, that is N; = 2, while the
number of receiving antennas N,z and Np are set to be equal and varies from 2 to 4 for performance
evaluations. The SIC capability used for evaluation is ) = {—10,—5,0} dB. For an LTE relay,
the typical transmission power ranges from 23 dBm to 30 dBm. Taking 30 dBm for consideration,
the RSI levels are ‘TI2<SI = {20,25,30} dBm, respectively. In all figures, we define the average SNR for

Ps

the case without optimization as follows: SNR = 3 = % In the case with optimization, the average

SNR is defined by SNR at R, that is, SNR = % The analytical curves are plotted using Equation (17)
while the markers refer to Monte-Carlo simulation results. The simulation results were obtained using
10° channel realizations.

Figure 2 plots the SEP of the considered SM-MIMO-FD relay system versus the SNR in dB for
two modulation schemes, that is, BPSK (2 = 1, b = 2) and 4-QAM (a = 2, b = 1). We should remind
that a and b are constants, which depend on the types modulation scheme. These values for each
type of modulation are given in Table 6.1 of Reference [26]. As shown in Figure 2, similar patterns
of SEPs can be observed in both BPSK and 4-QAM modulation schemes. However, the system with
4-QAM modulation has higher SEP than the system with BPSK modulation. Moreover, the benefit
of optimization is also reduced as the modulation order increases. Therefore, although our analysis
method can be applied for all modulation types, we use the BPSK modulation in the following figures
to clearly show the advantage of our proposed optimization algorithm in reducing the SEP of the
considered SM-MIMO-FD relay system.

Figure 3 compares the SEPs of the SM-MIMO-FD relay system in two cases, that is & = 1 (without
optimal power allocation, Pr = Ps) and a = a* (with optimal power allocation, Pr = Pg) in (30) for
different numbers of receiving antennas of R and D. Although we have used N;g = Np = 2,3,4 to
obtain this figure, it is worth noting that we can use different numbers of receiving antennas at R
and D for numerical calculation using the closed-form expression of SEP. The modulation used for
evaluation is BPSK with parameters a = 1,b = 2. The typical SIC capability of Q) = —10 dB is used for
calculation. It is easy to see from the figure that the analytical results perfectly match the simulation
ones. Although the SEPs of both the cases with and without optimal power allocation suffer the same
error floors in high SNR regime, the SEP with optimal power allocation is significantly lower than that
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without optimal power allocation in low SNR regime. For example, when SNR = 8 dB, the SEP in the
case with a* is approximately ten times less than the case without a*.

Symbol Error Probability (SEP)

O  FD-Opt-Sim

FD-Opt-Ana
+ FD-Sim

==="FD-Ana

10 T T T 1
-2 0 2 4 6

10"

10
SNR[dB]

Figure 2. The SEP of the considered SM-MIMO-FD relay system with and without optimal power
allocation versus the SNR for different modulation schemes, Nyg = Np = 4.

10” —_—
O  FD-Opt-Sim
FD-Opt-Ana
+ FD-Sim

-==-FD-Ana

Symbol Error Probability (SEP)

-2 0 2 4 6 8 10 12 14 16 18 20
SNR[dB]
Figure 3. The SEP of the considered SM-MIMO-FD relay system with and without optimal power
allocation when BPSK modulation is used, N;g = Np = 2,3,4; O =-10dB.

Figure 4 shows the impact of the RSI on the SEP of the system with and without optimal
power allocation for different SIC capabilities, that is, Q = —10,—5,0 dB. When the RSI is small
(Q2 = —10 dB), the difference in SEPs in the cases with and without using «* is large. However, when
the RSI becomes larger (() = —5 dB), the benefit of using a* decreases. Therefore, it is necessary to
combine SIC techniques with optimal power allocation to achieve the best performance for this system.
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Figures 3 and 4 can be served as the guideline to determine when the optimal power allocation should
be used. Specifically, for SNR < 20 dB, we use Py to improve the system performance. For higher
SNR, that is SNR > 20 dB, we use Pr = Ps to reduce the signal processing complexity at the FD relay.
The advantage of the system with optimization is that it requires only SNR > 8 dB to achieve a reliable
voice transmission.

Symbol Error Probability (SEP)

O  FD-Opt-Sim
FD-Opt-Ana
+ FD-Sim
——=-"FD-Ana
10 I I

10

SNR[dB]
Figure 4. The impact of RSI on the SEP of the considered SM-MIMO-FD relay system with and without
optimal power allocation; O = -10,—5,0dB; Nig = Np = 4.

5. Conclusions

In this paper, we have analyzed the performance of the SM-MIMO-FD DF relay system and
derived the closed-form expression of the system SEP. Understanding the importance of the
optimal power allocation to the SM-MIMO-FD relay system, especially in the case of imperfect
SIC, we have proposed an optimal power allocation algorithm for the FD relay to minimize the system
SEP. Both numerical and simulation results showed that the RSI has a substantial impact on the
SEP performance. However, the SEP of the system with optimal power allocation is significantly
lower compared with that of the system without optimal power allocation. This result confirms
the effectiveness of using optimal power allocation for compensating the impact of the RSI in the
SM-MIMO-FD DF relay system.
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Abstract: The rapidly increasing interest from various verticals for the upcoming 5th generation
(5G) networks expect the network to support higher data rates and have an improved quality of
service. This demand has been met so far by employing sophisticated transmission techniques
including massive Multiple Input Multiple Output (MIMO), millimeter wave (mmWave) bands as
well as bringing the computational power closer to the users via advanced baseband processing
units at the base stations. Future evolution of the networks has also been assumed to open many
new business horizons for the operators and the need of not only a resource efficient but also an
energy efficient ecosystem has greatly been felt. The deployment of small cells has been envisioned
as a promising answer for handling the massive heterogeneous traffic, but the adverse economic
and environmental impacts cannot be neglected. Given that 10% of the world’s energy consumption
is due to the Information and Communications Technology (ICT) industry, energy-efficiency has
thus become one of the key performance indicators (KPI). Various avenues of optimization, game
theory and machine learning have been investigated for enhancing power allocation for downlink
and uplink channels, as well as other energy consumption/saving approaches. This paper surveys
the recent works that address energy efficiency of the radio access as well as the core of wireless
networks, and outlines related challenges and open issues.

Keywords: 5G; energy-efficiency; sustainability

1. Introduction

Advances in telecommunication systems around the world have always been pushing the wireless
infrastructure to be more resilient and scalable. Ever growing faster data rates and a demand for
the highest quality of service has been a strong constraint when energy conservation needs to be
considered. Data rates as high as that of 1 Gbps have been foreseen with the advent of 5G. In
addition, with an explosive number of heterogeneous devices coming online, including sensors for
home security, tablets, and wearable health monitors, the computational power of base stations must
increase. An estimated 50% increase in the computing power of baseband units has been predicted
to handle this traffic burst [1]. Thus, the focus on energy-efficiency needs to include optimization of
computational complexity in addition to optimization of transmission power.

An estimated 75% of the Information and Communications Technology (ICT) industry is supposed
to be wireless by 2020 and today 5% of the world’s carbon footprint is coming from this industry alone.
A consensus between academia and industry dictates that the foreseen 1000 x capacity gain must be
achieved with either the present energy consumption or lower [2]. Thanks to energy-efficiency efforts
world-wide, energy consumption in the 5G realm, in terms of bits/joule, has been considered as an
important design parameter. In 4th generation (4G), the concept of small cells has been introduced
to increase the coverage and capacity. Therefore, [3] conducted an analysis on energy consumption
per unit area for a heterogeneous deployment of cells for fourth generation networks. With 5G, small
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cells are inevitable in deployments due to their advantage of improved traffic handling within a
smaller area as well as the shorter cell ranges that result from the use of higher frequencies. Yet, the
increasing number of base stations translate into more energy consumption, although the increase
in consumption will not be linear. Small cells, or in other words densification, calls for sophisticated
management of resources. Most recently, intelligent resource allocation and control techniques
utilizing machine learning algorithms have been suggested to help next generation radios in their
autonomous reconfiguration for improving the data rates, energy efficiency and interference mitigation.
Overall, the emerging sophistication in both User Equipment (UE) and network side has increased
the energy consumption and thus objective functions have been devised to maximize the energy
efficiency, harvested energy and energy aware transmission [4]. Many of the existing energy efficiency
improvement techniques include the use of green energy sources for base stations, modifying the
coverage area of a base station depending upon the load level, putting lightly loaded base stations
to sleep and load balancing by handing over the UEs to the macro base station. A survey on these
technologies for the 5G Radio Access Network (RAN) can be found in [5].

This survey has been aimed to contribute towards a greener and a sustainable telecommunication’s
ecosystem by reviewing and bringing together some of the latest ideas and techniques of energy
conservation at base station and network level. A high level diagram shows the areas addressed in
Figure 1. A few of the prominent examples include the introduction of a newer Radio Resource Control
(RRC) state for context signalling and cutting down on the redundant state changes [6]. Utilization
of advanced clustering and caching techniques on the RAN side have been highly appreciated for
their benefits of improving the latency of getting the data requested by a group of users and possibly
eliminating the factor of clogging the network by a huge number of requests for the same content [7,8].
A case study of commercial resource sharing among different operators bears fruitful results in
terms of reduced deployment costs and good data rates with minimum interference among them [9].
The upcoming sections introduce the basics of energy efficiency, provide justification for the need
of gauging the energy consumption and then present the most recent research works carried out for
the optimization at different levels of the architecture. This survey bears its uniqueness in its holistic
approach to energy-efficiency by covering radio, core and computing side of 5G. This paper is also
different than the surveys in the literature [1-4], as it focuses on works published in the last few years
where the majority of the studies focus on concepts specific to the new 5G standard.

Energy-efficient NOMA
Energy-efficiency at BS level o

Interference-aware

" energy-efficien
Energy-efficiency with 5G NR Energy-efficient o Bl g

___ Energy-efficient
‘ resource sharing

Energy-efficiency with caching & 5

N Energy-efficiency using SDN

Figure 1. Outline of the energy-efficiency schemes included in this survey.
2. Background on Energy Efficiency

A formal relationship between energy efficiency and Signal to Interference Noise Ratio (SINR)
has been presented in [2] using the bit/joule notion. Meanwhile, Reference [4] lays the foundation
for energy efficiency in different parts of the network including base stations and the core network.
In the literature, energy saving and use of green energy resources have been the two mainstream
approaches to offer energy efficiency. Among the energy saving techniques, cell-switch off techniques
have been widely exploited. For instance, in the EU FP7 ABSOLUTE project, an energy aware
middleware has been proposed that would use the capacity-based thresholds for activation of the
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base stations [10]. In several other studies, data offloading has been considered as an energy-efficient
approach. Furthermore, authors in [11] have put together several techniques for not only reducing
the energy consumption from the traditional energy sources but also for surveying newer Energy
Efficiency (EE) schemes in the End-to-End (E2E) system. One of the remarkable mentions by the authors
includes the implementation of 3rd Generation Partnership Project (3GPP) compliant EE manager that
would be responsible for monitoring energy demands in an E2E session and for implementation of the
policies needed for catering to the ongoing energy demand.

In addition to energy saving approaches, recently simultaneous wireless energy transfer has
been studied. Furthermore, local caching techniques have been proved to be beneficial for relieving
the load on the backhaul network by storing the content locally and limiting the re-transmissions,
hence reducing energy consumption. Similarly, a cloud based RAN has been envisioned as a possible
solution for the computational redistribution in [2,4,12]. Many of the tasks previously performed by a
base station (BS) would be taken away to a data center and only decision making for Radio Frequency
(RF) chains as well as baseband to RF conversion would be given to base stations. Traffic pattern
and demands would then be catered for well before time and redundant BS would be put to sleep
mode according to [13]. Furthermore, full duplex Device-to-Device (D2D) communication with uplink
channel reuse has been considered to improve SINR and transmission power constraints. A gain of 36%
energy efficiency has been demonstrated using the full duplex scheme with enhanced self-interference
mitigation mechanism instead of half duplex [14].

As machine learning is penetrating more and more into the operation of wireless networks,
Reference [15] suggests that machine learning algorithms would greatly help to predict the hot spots
so that other resources could be switched off when not needed.

The concept of energy efficiency being treated as a key performance indicator in the upcoming
5G standard considers it to be a global ambition, but it cannot be declared as a specific actionable
item on either the operator or vendor side. Divide and conquer approach has been applied to the
entire network and improvements have been targeted at either component level, equipment level or at
network level employing newer algorithms at both BS and UE side. This discussion advocates the fact
that operators would have the leverage of tuning their network for a balance between quality of service
and energy consumption. In the following sections, we introduce the recent works in energy-efficiency
in 5G as highlighted in Table 1 preceding to a discussion on open issues and challenges.

Table 1. Summary of surveyed works.

Optimization Scope Problem Addressed Citation

Dissection of a BS and figures for energy consumption [1]

Downlink Massive MIMO Systems: Achievable Sum Rates  [16]
and Energy Efficiency Perspective for Future 5G Systems

Energy Efficiency in massive MIMO based 5G networks: [17]
Opportunities and Challenges

EE at the BS level EE improvement by a Centralized BB processing design [18]

Analytical modelling of EE for a heterogeneous network  [19]

Energy Efficiency Metrics for Heterogeneous Wireless [20]
Cellular Networks

Incentive based sleeping mechanism for densely deployed [21]
femto cells
Sector based switching technique [22]
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Table 1. Cont.

Optimization Scope Problem Addressed Citation
On interdependence among transmit and consumed power [23]
of macro base station technologies
Utilization of Nash product for maximizing cooperative EE  [24]
Energy Efficiency in Wireless Networks via Fractional [25]
Programming Theory
Energy efficiency maximization oriented resource [26]
allocation in 5G ultra-dense network: Centralized and
distributed algorithms
Comparison of Spectral and Energy Efficiency Metrics [27]
Using Measurements in a LTE-A Network
Energy Management in LTE Networks [28]
Energy-efficient resource allocation scheduler with QoS  [29]
aware supports for green LTE network
Interference-area-based resource allocation for full-duplex [30]
communications
A resource allocation method for D2D and small cellular  [31]
users in HetNet
Highly Energy-Efficient Resource Allocation in Power [32]
Telecommunication Network
EE enhancement with RRC Connection Control for 5G New  [6]
Radio (NR)

Proactive caching based on the content popularity on small  [7]
cells

Cooperative Online Caching in Small Cell Networks with  [33]
Limited Cache Size and Unknown Content Popularity
Economical Energy Efficiency: An Advanced Performance [34]
Metric for 5G Systems

Energy-efficient design for edge-caching wireless networks:  [35]
When is coded-caching beneficial?

Content caching in small cells with optimized UL and [36]
caching power

An effective cooperative caching scheme for mobile P2P  [37]
networks

EE analysis of heterogeneous cache enabled 5G hyper [8]
cellular networks

Motivation for infrastructure sharing based on current [2,38]

EE at the network level energy consumption figures
Energy efficiency in 5G access networks: Small cell [39]

densification and high order sectorisation
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Table 1. Cont.

Optimization Scope Problem Addressed Citation
Energy-Efficient User Association and Beamforming for 5G = [40]
Fog Radio Access Networks
Global energy and spectral efficiency maximization ina [9]
shared noise-limited environment
EE Resource Allocation in NOMA [41]
Concept and practical considerations of non-orthogonal  [42]
multiple access NOMA) for future radio access
Optimum received power levels of UL NOMA signals for [43]
EE improvement
Spectral efficient nonorthogonal multiple access schemes  [44]
(NOMA vs RAMA)

Non-Orthogonal Multiple Access: Achieving Sustainable  [45]
Future Radio Access

Mode Selection Between Index Coding and Superposition  [46]
Coding in Cache-based NOMA Networks

Use case of shared UE side distributed antenna System for [47]
indoor usage

EE at the network level
Optimized Energy Aware 5G Network Function [48]
Virtualization
Energy Efficient Network Function Virtualization in 5G  [49]
Networks
Network Function Virtualization in 5G [50]
A Framework for Energy Efficient NFV in 5G Networks [51]
Energy efficient Placement of Baseband Functions and  [52]
Mobile Edge Computing in 5G Networks
Energy Efficiency Benefits of RAN-as-a-Service Concept for  [53]
a Cloud-Based 5G Mobile Network Infrastructure
Dynamic Auto Scaling Algorithm (DASA) for 5G Mobile  [54]
Networks
Design and Analysis of Deadline and Budget Constrained  [55]
Autoscaling (DBCA) Algorithm for 5G Mobile Networks
Impact of software defined networking (SDN) paradigm  [56]

EE

EE using SDN technology on
EE gains from the separated control and data planesina [57]
heterogeneous network
Machine Learning Paradigms for Next-Generation Wireless  [58]
Networks

EE using ML techniques Switch-on/off policies for energy harvesting small cells [59]

through distributed Q-learning
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Table 1. Cont.

Optimization Scope Problem Addressed Citation

Duty cycle control with joint optimization of delay [60]
and energy efficiency for capillary machine-to-machine
networks in 5G communication system

Distributed power control for two tier femtocell networks [61]
EE using ML techniques with QoS provisioning based on Q-learning

Spectrum sensing techniques using both hard and soft [62]
decisions

EE resource allocation in 5G heterogeneous cloud radio [63]
access network

3. Review of EE Techniques at the Base Station Level

Radio access network (RAN) has been considered as single unit for energy efficiency improvement,
and inclusion of these enhancements across the network would have a significant impact on the
overall energy efficiency. Metrics for gauging EE in this perspective include the improvements in the
architecture and chipset design for the baseband units, cell switch off techniques, incorporation of
small cells, interference reduction among the neighboring cells and caching as well as the newer RRC
state for UEs for conservation of the battery power.

3.1. Base Station Energy Consumption and Cell Switch Off Techniques

Knowing the accurate energy consumption of a base station constitutes an important part of
the understanding of the energy budget of a wireless network. For this purpose, authors in [1] have
specifically discussed energy conservation at equipment level by presenting the breakdown of a base
station. A typical BS has been presented by dividing it into five parts, namely antenna interface,
power amplifier, RF chains, Baseband unit, mains power supply and the DC-DC supply. These
modules have been shown in Figure 2. An important claim has been made stating that up to 57% of the
power consumption at a base station is experienced at the transmission end, i.e., the power amplifier
and antenna interface. Yet, with small cells, the power consumption per base station has been reduced
due to shorter distances between the base stations and the users [1,19]. In [19], analytical modelling
of the energy efficiency for a heterogeneous network comprising upon macro, pico and femto base
stations has been discussed. To a certain extent emphasis has been put on the baseband unit which
is specifically in charge of the computing operations and must be sophisticated enough to handle
huge bursts of traffic. A baseband unit has been described to be composed of four different logical
systems including a baseband system used for evaluating Fast Fourier Transforms (FFT) and wireless
channel coding, the control system for resource allocation, the transfer system used for management
operations among neighbouring base stations and finally the system for powering up the entire base
station site including cooling and monitoring systems. Furthermore, the use of mmWave and massive
MIMO would need an even greater push on the computation side of the base station since more
and more users are now being accommodated. The study in [16] discusses the achievable sum rates
and energy efficiency of a downlink single cell M-MIMO systems under various precoding schemes
whereas several design constraints and future opportunities concerning existing and upcoming MIMO
technologies have been discussed in [17]. The computation power of base station would increase when
number of antennas and the bandwidth increases. In the case of using 128 antennas the computation
power would go as high as 3000 W for a macrocell and 800 W for a small cell according to [1].
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Figure 2. Modules of a typical base station.

Authors in [18] have discussed the utility of taking most of the baseband processing functionality
away from the base station towards a central, more powerful and organized unit for supporting higher
data rates and traffic density. Users have envisioned experiencing more flexibility using this central
RAN since they would be able to get signaling from one BS and get data transfer through another best
possible neighboring BS. Visible gains in latency and fronthaul bandwidth have thus been observed by
having stronger backhaul links but this research avenue still needs to be formally exploited for devising
globally energy efficient mechanisms. The choice of the best suited BS would allow the network to
have a lower transmission power thus increasing the energy efficiency. An analysis of throughput as a
performance metric has been provided for a two-tier heterogeneous network comprising upon macro
and femto cells in [20]. The claimed improvement in throughput originates from a distributed mesh of
small cells so that the minimal transmission distance between the end user and the serving base station
would be cashed out in terms of reduced antenna’s transmission power. Considering these findings on
BS energy consumption, cell switch-off techniques have been explored in the literature. An incentive
based sleeping mechanism for densely deployed femtocells has been considered in [21] and energy
consumption reduction up to 40% has been observed by turning the RF chains off and only keeping
the backhaul links alive. The key enabler here would be to have prompt toggling between active and
sleep modes for maintaining the quality of service. According to [21], a “sniffer” component installed
at these small cells that would be responsible for detecting activity in the network by checking the
power in uplink connections, a value surpassing the threshold, would indicate a connection with the
macrocell. Mobility Management Entity (MME) has also been suggested to potentially take a lead by
sending wake up signals to the respective femtocells and keeping others asleep. In contrast to the usual
techniques of handing their users over to the neighbouring base stations and turning that cell off, it
would be beneficial to give incentives to users for connecting to a neighbouring cell if they get to have
better data rates. Authors in [22] have conducted a thorough study for classification of the switching
techniques as well as calculation of the outage probability of UEs, under realistic constraints. Their
claim states that the energy consumption of the base station is not directly proportional to its load so an
improved switching algorithm was needed that would allow the UEs to maintain the SINR thresholds.
They have thus brought forward a sector based switching technique for the first time. Furthermore,
their claim favors an offline switching technique instead of a more dynamic online scheme because of
practical constraints such as random UE distribution and realistic interference modelling. Authors
in [23] discuss influence of the transmit power scaling and on/off switching on instantaneous macro
base stations power consumption. The proposed power consumption models have been claimed to be
used as generic models for the relationship between transmitted and consumed power for macro base
stations of different technologies and generations. In addition to these techniques, recently, machine
learning techniques have been used to implement cell switch off which are discussed in Section 6.
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3.2. Interference-Aware Energy Efficiency Techniques in 5G Ultra Dense Networks

The advantages of small cell deployment, in terms of increased system capacity and better load
balancing capability, have been discussed in the previous sections. Yet, it is important to mention
that densification suffers from added system complexity. Therefore, energy efficiency as well as
spectral efficiency becomes harder to evaluate. Nash energy efficiency maximization theory has been
presented for discussing the relationship between energy and spectral efficiency in [24]. Both are
inversely related to each other, increase in one of them demands a natural decrease in the other
quantity which usually has been the case of medium to high transmission power. Most of the research
conducted in ultra-dense small cell networks has been on coming up with techniques optimizing
both energy efficiency (EE) and spectral efficiency (SE). Authors in [24] also brings forth the idea of
gaining energy efficiency at the cost of spectral efficiency where the small cells are under the coverage
of a macro cell and pose interference issues due to the sharing of bandwidth among them.In such a
scenario, all the small cells participate in energy efficiency maximization according to a game theoretic
methodology. The suggested game theoretic model has been deemed to be a distributed model and
utilizes Nash product for maximizing cooperative energy efficiency. Analysis of the algorithms shows
that energy efficiency, although it increases with the increase in the number of small cells, it saturates
after about 200 cells and afterwards only experiences a minor increase. Fractional programming
has been extensively used in [25] for modelling the energy efficiency ratio for a Point-to-Point (P2P)
network as well as for a full scaled communication network using MIMO. EE has been considered
as a cost benefit ratio and minimum rate constraints have been put together for modelling real life
scenarios. In addition, fairness in resource allocation has been considered a major factor in the overall
energy distribution. These two constraints might tend to increase the power consumption in case the
minimum thresholds tend to be too high. Adding to the use cases of fractional programming, [26] laid
out a robust distributed algorithm for reducing the adverse effects of computational complexity and
noise towards resource allocation. Authors in [27], have presented an experimental setup for defining
the right kind of key performance indicators when measuring either EE or SE. The setup includes
a set of UE(s), three small BS(s) and running iperf traffic using User Datagram Protocol (UDP) and
File Transfer Protocol (FTP). Results have indicated that utilization of a higher bandwidth would not
increase the power consumption, that throughput must incorporate the traffic density and that the idle
power of the equipment needs to be considered for energy consumption calculations. In [28], use of
varying transmission power levels by the aid of custom power levels in a two-tier network has been
encouraged for the optimization of needed power in Long Term Evolution (LTE). Intelligent switching
of control channels in the DL and tuning the power levels according to the UE’s feedback have been
envisioned to aid in allocation of the resource blocks with an optimum power. Authors in [29], have
discussed the opportunities for the less explored domain of user scheduling in LTE. 3GPP has no
fixed requirement on scheduling and thus researchers have devised their own mechanisms depending
upon their pain points. Authors have proposed the idea of associating Quality of Service (QoS) with
scheduling for accommodating cell edge users. Authors in [30] have proposed a resource allocation
technique for minimizing the interference at the UE side. Considering a full duplex communication
setup, a circular interference area for a DL UE has been demarcated by the BS based upon a predefined
threshold. Resource block for this UE has been shared by an UL UE from outside the interference
region for keeping the mutual interference to a minimal level. Simulation results claim to improve the
overall network throughput based on the efficient pairing of UEs but the throughput might degrade
with a large increase in the distance between the paired UEs. A heuristic algorithm presented in [31]
improves the system throughput using resource reuse in the three-tier architecture while regulating
the interference regions of UEs being served by either macro BS, small BS or in a D2D way. Visible
gains in the throughput have been noted with an increased user density for an efficient user selection
and having a minimum distance between the UEs being served in a D2D fashion for a stronger link
retention. Moreover in [32], authors have constructed objective functions for EE maximization and have
thus compared max-min power consumption model against their nonlinear fractional optimization
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model. Results have been promising for a reduction in the power consumption because of the mutual
participation of cells as their number starts to increase.

3.3. Energy Efficiency Enhancement with RRC Connection Control for 5G New Radio (NR)

In [6], the authors discuss the rapid UE battery drainage which is due to the fact that terminals
remain in radio resource control’s (RRC) ACTIVE state even when they are not interacting with the
network. In the 5G networks, the RRC INACTIVE state has greatly been altered where a UE could
benefit from the stored context and go through a lower number of state transitions. 5G NR would thus
get rid of the constant monitoring of physical downlink control channel (PDCCH) for the incoming
transmissions. The proposed improvement brings a 50% less energy consumption at the modem and
18% for the entire device. Referring to the traditional RRC mechanism, only two states were available,
namely RRC ACTIVE and RRC IDLE mode. Consumer’s usage mainly dictates the time being spent in
either of the two states. Typically, when a phone has not been used, the user inactivity timer would
expire, putting the UE in IDLE state and as soon as it would go into the IDLE state its context would
be removed from the core network. With the new RRC INACTIVE state, the UE context would still
be stored when it would stop its communication with the network resulting in a reduced signaling
overhead. However, the UE would still need to update eNodeB/gNodeB (evolved NodeB/next
generation evolved NodeB) with its context for a valid state change. Figure 3 illustrates the state
diagram of the new model. For this state to be widely utilized it should ensure minimum signaling
and power consumption. The authors have evaluated the performance of this proposed scheme
based on the shorter user inactivity timer achieving quicker state transitions to INACTIVE state and
incurring less signaling. Power consumption analysis has been conducted for usage between different
applications which validates the claim of authors. Similar analyses have been conducted to eliminate
the prolonged connected mode discontinuous reception or better known as the Connected mode
DRX (C-DRX) of upto 10 s for short data transfers and avoid the state changes. Signaling overhead
also increases with the increase in either UE mobility or shorter user activity timers. However, the
worst-case scenario would be to have the UE receive content just after its transition to the INACTIVE
state, thus incurring extra RRC signaling. According to the proposed scheme, 5G NR can greatly
benefit from this state by having an extended UE life and a lower need for S1 signaling.

RRC Release

RRC Idle

RRC Connected

RRC Setup

RRC Inactive

Figure 3. State diagram for radio resource control (RRC) signalling including the “inactive’ state.
3.4. Energy Efficient and Cache-Enabled 5G
In [7], the idea of proactive caching based on the content popularity on small cells has been

proposed for improving the energy efficiency. Owing to the abundance of small cells, networks are
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getting constrained by the overall backhaul link capacity and much of the load is corresponding to
transactions of the same requests repeatedly. Energy efficiency has been evaluated with regards to
the content placement techniques and more emphasis has been put into organizing the content based
on user locations and constantly fine tuning the clusters based on the content popularity distribution
instead of spanning the same content across the network. Various topologies are shown in Figure 4.
Energy efficiency has been formulated in relation to the small cell density vector. A heterogeneous file
popularity distribution has been considered and a popularity vector has been maintained at every user.
Users have been grouped into clusters depending upon the similarity in their interests and the cached
files are an average of these popularity vectors. Users would usually be allowed to communicate
with the base station within a specified distance of their cluster and in case of a cache miss event, the
content would then be requested from the core via backhaul links. Spanning the same data across the
network tends to sacrifice the information diversity and hence a content-based clustering approach
has been brought forward. Simulations have been presented to demonstrate that with the increased
base station density, significant energy efficiency gains have been experienced since the allocation
problem gets simplified and interference and transmission powers would be reduced. In [34] a unique
approach for addressing the energy efficiency challenge has been presented. The proposed E3 ratio
thus incorporates a cost factor when calculating the number of UEs being served against the power
spent over this operation by the BS. It has been made clear that although the cost factor might not have
a direct impact on the spectral efficiency, it would be an important factor when regulating the cost of
the entire network. Thus, operators have been addressed to carefully incorporate the features of edge
caching and gigabit X-haul links to strike a fair balance between the cost overhead and the need of the
feature. Otherwise it would be an overkill which has been meant to be strictly avoided. Mathematical
analysis for EE maximization presented in [35] supports the fact that for the cases of low user cache
size, non coded schemes should be utilized for a faster delivery system. Highlight of the research work
conducted in [33] has been the assumption of a finite cache memory for a more realistic analysis. Delay
bounds of an online cooperative caching scheme have been brought forward as compared to offline
and a random caching scheme. The cache being periodically updated promises to deliver a tighter user
association and aims to have minimum possible latency. The algorithm also aims to accurately cache
the data in highest demand with an increased user density. Application of cooperative caching on P2P
networks has been discussed in [37], authors have demonstrated the effectiveness of the algorithm by
the segmentation of cache memory at the base stations. It would not only keep track of the cached
data of the highly demanded information but would also record data paths and the newly requested
data. The simulations have illustrated the usefulness of this optimization technique by the reduced
number of hops and latency. On the other hand, uplink energy conservation has been considered in
the context of dense small cells [36].

In [8], energy efficiency analysis of heterogeneous cache enabled 5G hyper cellular networks was
performed. The control and user plane separation is considered to aid in devising enhanced access
schemes and retain fairness in service. Furthermore, base station on-off strategy is taken into account
to help in cutting down costs spent on redundant small cells [8]. In that scenario, macro cells would be
the masters handling mobility, home subscriber and the user admission whereas small cells would be
the slave part of the radio resource management scheme. With this increasing growth of the network
infrastructure, irregularities in traffic behavior must be taken into account along with the actual user
distribution for a realistic scenario. Caching has been sought after as a viable solution for reducing the
end to end latency by storing content at the base stations. Small cells would typically involve macro
base station in its communication with the UE in a semi sleep mode and ensure that it would always
be aware of the UE positioning in the network as well as the cache memory statistics. Macro cell also
ensures that the UE would be served by the closest and best possible small cell and would turn off
the remaining ones to concentrate on a specified area for improving the throughput. On the other
hand, there would be a predefined search radius and content would be fetched from a neighbouring
base station within that distance. Otherwise, UE would associate to the macro base station for getting
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access to the needed content. Expressions for the coverage probability for the UE to get signal to
interference (SIR) ratio within the threshold, throughput and power consumption and efficiency have
been documented in [8].

Cache-At-Relay (CAR)

Content cached at
macro cell base station

Figure 4. Illustration of different cache topologies.

4. Review of EE Techniques at the Network Level

A collective approach has been adopted for addressing the overall EE challenge considering
both access and core network. EE has thus been gauged by the extent of resource sharing among
different operators in the urban environment, utilization of efficient resource allocation schemes for
fully exploiting the available spectrum, deploying middle ware for coverage enhancement (reduction in
the distance between UE and BS would lower the needed transmission power), harnessing maximum
computational muscle for accommodating massive incoming user requests yet have the ability to
scale instantly (virtualization) and deploying machine learning and Software Defined Network (SDN)
technologies for a fine grained control over the resources. An efficient usage of these capabilities would
thus lead to the quality of service retention as well as an excellent power management methodology.

4.1. Resource Sharing in 5G with Energy-Efficiency Goal

Spectrum and physical resource sharing needs to be considered for accomplishing the energy
efficiency goal of 5G. However, the need of service quality retention with respect to throughput and
packet drops must also be addressed. Thoughts on infrastructure sharing have been gaining enough
traction owing to several factors, for example, lack of space acquisition for site deployment or utilizing
the available resources at their full potential and refraining from any new deployment. This section
puts together the studies for bringing improvements in energy efficiency by a mutual sharing of
infrastructure. Operators would have the flexibility of resource sharing at either full or partial level
naturally emphasizing improved security for their equipment. Additionally, the cost of commissioning
every site would lead to a higher expenditure and would minimize the expected revenues. Projects
such as EARTH and GREEN TOUCH detail this avenue and brings forth an expectation of a decreased
energy consumption by 1000 folds [2,38]. For this level of sophisticated resource sharing, a complete
knowledge about the functionality and capacity of the network entities needs to be available which
may not be possible in practice. However, the avenue of spectrum sharing still welcomes more
discussion and aims to be a potential pathway for gaining solutions to the resource scarcity problem.
Details of system level simulations for comparisons drawn between energy consumption and shared
infrastructure at different load levels have been documented in [38] where a gain of up to 55% for energy
efficiency in the dense areas has been demonstrated. Other significant advantages of resource sharing
would include less interference by a planned cell deployment in accordance with the user demands
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per area. These efforts aim to eliminate the problems of either over provisioning or under-utilization
of the deployed network entities. Authors in [40] have discussed the application of an improved
resource allocation in a fog RAN. The suggested idea relies upon the fact that the usage of a centralized
baseband processing unit, which, while increasing the processing power of the system, remains at
risk of getting outdated measurements from the radio heads because of larger transport delays. The
suggested algorithm starts off by switching off the redundant access points for conserving the energy
and then modifying the beam weights for providing the end user with an optimum signal to leakage
and noise ratio. User association is made centrally and then the information gets passed on to the fog
access points after being scheduled for users. Following this phase, the proposed greedy algorithm
tracks the global as well as the local energy efficiency readings and switches off the access points not
needed until the rising trend of global energy efficiency ceases. Simulations have been carried out
using a layout of macro and pico cells showing about a three-fold increase in the reported Channel
State Information (CSI). Furthermore, authors in [39] have demonstrated the EE gains in a dynamic
six-sector BS, capable of operating at either one or a maximum of all the sectors fully functioning, to be
up to 75% as compared to the case of an always on approach.

In [9], a case study of infrastructure sharing between different operators has been presented
as well. Service level agreement between the participating operators is defined and handled by
multi-objective optimization methods. In such a shared environment, QoS should go hand in hand
with fair resource utilization. Authors have specifically considered the case of obeying operator
specific energy and spectral efficiency criteria along with the global spectral and energy efficiency
maximization. The most prominent outcomes of this research are the global energy and spectral
efficiency maximization in a shared noise-limited environment and the application of the framework to
a network shared by any number of operators each serving different numbers of users and an optimal
fulfillment of utility targets. Detailed mathematical analysis has been presented for system modelling
with noise and interference constraints. SINR equations, which originally were used as a starting
point, were thus gradually modified by incorporating weighting factors for influencing the priorities.
This model turns out to be working in a polynomial complexity and maximizes the given objective
function. Moreover, maximum and minimum bounds have been enclosed. In the paper, authors have
presented the application of the mathematical tools by presenting the case of a base station installed in
a crowded place such as an airport or shopping mall where the site owner is the neutral party and
the frequency resources are either pooled or one of the operators grants some of his portion to others.
Firstly, the case of two operators has been presented when they do not have any global constraints and
the multi-objective problem set of noise limited scenario would be used. Secondly, site owner restricts
the interference level or the global energy efficiency for both the operators and both of them target a
minimum QoS constraint. Thirdly, there would be three operators with the same condition as of the
first case. The work has laid the foundation to establish the criterion for the energy-spectral trade off
in a single /multi carrier scenario.

4.2. Energy Efficient Resource Allocation in NOMA

In 5G, attempts have been made to possibly explore the area of non-orthogonal multiple
access (NOMA), employing power control for saving resources in both time and frequency domain.
This concept is highlighted in the following Figure 5. Operators would benefit from this technique
by getting to serve the maximum number of users within the same frequency band, thus improving
spectral efficiency [41]. This research area has been active for a while now for the reasons of increasing
the network capacity and improving the data rates. An intelligent coordination among the base stations
must be in place for maximum utilization of the available overall network energy. This corresponds to
the fact that the harvested green energy has mostly been volatile, and a constant input source could
not be guaranteed. For this reason, a detailed mathematical model has been presented for the power
control of the UEs being serviced for minimizing interference as much as possible. A comparison of
user association based genetic algorithms against a fixed transmit power was drawn. NOMA based
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techniques were demonstrated to outperform the conventional techniques for EE improvement for a
larger number of nodes. The application was extended to a two-tier RAN having a macro base station
covering a region of several pico base stations, being powered by both green and conventional energy
sources. The proposed mathematical model uses a ratio of the network’s data rate over the entire
energy consumption as the network utility. Incorporation of improved user association techniques
were suggested in [42] for improvement of user throughput and error containment in NOMA. In [43],
authors presented the mathematical feasibility for the utilization of successive interference cancellation
at the receiver side. The signal that is being processed considers others to be noise, cancels them out
and its iterative nature aims to decode all of them. With an increase in the number of transmitters
having a fixed SINR, a linear relationship has been observed. On the other hand, this formulation
might lead to a saturation point for the explosive number of IoT devices.

The authors in [44], have taken an interesting approach for a fair comparison of NOMA and a
relay-aided multiple access (RAMA) technique and a simulation was carried out for maximization of
the sum rate. It was established via mathematical formulation that sum rate is an increasing function
of user’s transmission power and for the cases of a high data rate demand of the farthest user, NOMA
proved to have maximized the sum rate. Distance between the users has been a key figure and with
an increased separation between them, NOMA provides maximum rates whereas for the smaller
separation relay-based setup provides a good enough sum rate. Authors in [45] have endorsed the
advantages of nonorthogonal multiple access (NOMA) for the future radio access networks. Apart
from the fact that the technique aids in getting a better spectral efficiency, authors instead have analyzed
the feasibility of acquiring a better energy efficiency out of it as well. Considering the example of one
base station serving two users, relationships between SE and EE have been observed which reflects that
NOMA can potentially regulate the energy within the network by the allocation of more bandwidth to
a cell center user in the uplink and more power to the cell edge user in the downlink. Considering
the potential of NOMA, the problem was tackled with respect to its deployment scenario for the
maximum exploitation. For a single cell deployment, EE mapping against resource allocation was
considered as an NP hard problem because each user would be competing for the same radio resource,
however, user scheduling and multiple access methods would aid for improving this situation. For
the network level NOMA, a joint transmission technique could be beneficial for organizing the traffic
load on the radio links and users must be scheduled accordingly when it comes to energy harvesting
to keep the users with critical needs prioritized. Lastly, Grant free transmission has been studied
for saving the signaling overhead, as soon as the user acquires data in its buffer it should start the
uplink transmission and selection of the received data would be based upon its unique multiple access
signature. Multiple access signature is deemed to be the basis of this proposal, but the signature pool
must be carefully devised with an optimal tradeoff between the pool size and mutual correlation.
It would greatly help for collision avoidance and detection. The users remain inactive for cutting
down on the grant signaling and hence more energy is typically conserved. The proposed hybrid
technique transitions between grant free and scheduled NOMA based on the current traffic load which
eventually lowers down the collision probability and improves latency. In contrast with the above
works that have discussed the use cases of caching in orthogonal multiple access (OMA), authors in
[46] explored index based chaching instead of superposition chaching while adopting a sub optimal
user clustering technique for significant reductions in the transmitted power while using NOMA.
Owing to the enormous number of users, optimal user clustering was discouraged and user association
based upon their differences in terms of link gain and cached data was suggested instead. The iterative
power allocation algorithm was demonstrated to converge after several iterations.
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Figure 5. Concept of non-orthogonal multiple access (NOMA) technology.

4.3. Energy Efficient 5G Outdoor-Indoor Communication

The research in [47] discusses a use case of shared UE side distributed antenna system for
indoor usage where a combination of distributed antenna and MIMO technology is used for getting
enhancements in the coverage area and utilization of unlicensed frequencies for accommodating more
users. The use of both licensed as well as unlicensed bands simultaneously needs a redesign of the
current resource allocation algorithms [47]. In this work, resource allocation has been considered
to be a non-convex optimization for increasing the end to end energy efficiency. The suggested
topology demands installation of a shared UE side multiple antenna hardware between a single
antenna base station (outdoor) and arbitrary number of single antenna UEs (indoor) which are called
shared user equipment (UE)-side distributed antenna system (SUDACs). These SUDACs would be
able to communicate the channel information with their neighbouring SUDAC units installed. In
contrast with the relaying in the LTE-A system, SUDACs could be installed at different locations by the
users and still be able to operate in both licensed and unlicensed bands simultaneously. The problem
statement boils down to defining the energy efficiency in terms of the bits exchanged between base
station and the UEs via SUDACsS per joule of energy. It has been shown in [47] that application of this
model exploits the frequency and spatial multiplexing of UEs and increases the system efficiency as
compared to the case when SUDACsS is not involved.

4.4. Energy Efficient Virtualization in 5G

Virtualization has been a very sought out way of reducing the time to market for the newer mobile
technologies but with the emerging technological trends it might be a very useful way forward for
reducing the energy consumption. In this case, hardware would serve as a bare metal for running
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multiple applications simultaneously for saving up on the cost of additional deployments of dedicated
hardware and software components [48]. Most of the functions previously deployed on dedicated
hardware would now be rolling out as software defined network functions thus promising scalability,
performance maximization and mobility with in the cellular network. The virtual network architecture
described in [50] lays out the interconnection between several virtual as well as the physical units being
interconnected to form a larger system. A generalized 5G architecture incorporating virtualization
has been illustrated in Figure 6. The smooth integration of different technologies with virtualized
environment thus becomes the key of reaping the expected efficiency outcomes. Resource and
operations management plays a vital role in actively regulating the system for a fine tuned state
of execution that helps mitigate issues including redundancy and keeping the operating expenses
under control. Furthermore, usage of an openflow switch would come in handy for efficient packet
traversal within the network. Significant advantage in terms of reduced energy consumption of
about 30% have been experienced by incorporating the current architecture with Network Function
Virtualization (NFV). Authors have assumed an ideal case scenario that the virtual BBU will not
consume any energy when it stays idle and also the advantage of the enormous computational pool in
the form of cloud have been used.

Authors in [49] presented the significant energy conservation advantages of having virtual nodes
in both access as well as the core network instead of having the physical nodes for executing only
a single function. The proposed topology suggests baseband pooling for higher performance in the
cloud, a direct gigabit optical connection from the remote radio heads to the core network and an
even distribution of the core network nodes. The nearest available core network node would then be
the one responsible of serving the incoming requests from the respective radio heads. The proposed
architecture boasts the flexibility of resource distribution by having a single node running multiple
virtualized access/core network functions e.g., serving gateway, packet gateway, etc. and the readiness
of activating these functions wherever needed based on the work load. A visible gain of about 22%
was recorded using mixed integer linear programming for modelling the work load across the nodes
and both the core and access network were virtualized. Apart from the EE gains, a higher performance
would also be achieved because of a reduced distance between the node requesting and the node
serving the request. Research in [51] extends the same idea where the EE gains are deemed to be higher
with an increased number of virtual function deployments in the access network which typically
consumes more energy, about 70% of the entire demand of the end to end network. The suggested
topology entails gigabit optical connectivity as the fronthaul technology instead of the Common
Public Radio Interface (CPRI) connection between radio and baseband units. This brings out more
deployment opportunities for the virtual machines by having more active nodes closer to the user.
Authors documented a gain of about 19% with the proposed architecture. According to the authors
in [52], existing RAN architecture needs modification for meeting the upcoming traffic demands.
Baseband unit has been decomposed into two main parts, namely distributed unit and a central unit.
Both units find their optimal placements either close to the users for serving the low latency demands
or in remote areas for providing a pool of computational power. Mobile edge computing uses the
same concept and NFV proves to be an enabling technology to use it to its full potential. The network
layout comprises upon active antenna units and the central office for edge and access computation.
Mobile edge computing units were housed along with the distributed and the central units and was
the aggregator for the traffic. Both latter functions were virtualized on general purpose processors
and finally the electronic switch was responsible for the traffic routing. Simulations conducted on
this topology have revealed about 20% power saving as compared to the case of fixed deployment
of hardware units. Moreover, Reference [53] also supports the idea of flexible centralization of RAN
functions of small cells. Prominent outcomes would comprise upon interference mitigation in a dense
deployment and reduced radio access processing. Authors in [54] devised an analytical model for
calculating the optimal number of active operator’s resources. Dynamic Auto Scaling Algorithm, or
DASA, was envisioned to provide a way for operators to better understand their cost vs performance
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trade off and authors have thus used real life data from Facebook’s data center for a realistic estimation.
On top of the already established legacy infrastructure comprising mainly upon mobile management
entity, serving gateway, packet gateway and the policy & charging function, 3GPP has now proposed
specifications for a virtualized packet core providing on demand computational resources for catering
to the massive incoming user requests. A comparison was drawn between the consumed power and
the response time of the servers for the jobs in a queue by varying different factors including total
number of virtual network function (VINF) instances, total number of servers available as well as the
rate of the incoming jobs, total system capacity and the virtual machine (VM) setup times. Trends
recorded from the plots have signified the saturation point of the system and have paved a way for
operators to optimize their infrastructure to be robust without taking in more power than needed.
Similarly [55] extends the above mentioned approach by taking into account the rejection of incoming
requests in case the saturation point has been reached. A more realistic framework was presented that
incorporates either dropping the jobs from the queue or even blocking them out from being registered
until some resources could be freed up.

Virtualized EPC
(MME, S-GW, P-GW, HSS, PCRF)

Cloud RAN

¢ RN

Remote Radio Remote Radio
Head Head
2 2
[ ()
Smart Phone ~ Smart Phone Smart Phone  Smart Phone

Figure 6. A "virtualized’ 5G architecture.

5. Review of SDN Technology for Enhancing EE

5.1. Energy Monitoring and Management in 5G with Integrated Fronthaul and Backhaul

The impact of software defined networking (SDN) on energy-efficiency was explored in [56].
The tremendous increase in the user density in a given area not only demands an energy efficient
hardware but also demands for certain modifications in the control plane. Energy Management and
Monitoring Applications (EMMA) were designed for observing the energy consumption in fronthaul
as well as the backhaul network constituents. A monitoring layer was implemented over an SDN
controller which observes the underlying operational domains including mmWave links and analogue
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Radio over Fiber technology (RoF). This topology is shown in Figure 7. The energy management
framework was extended to provide analysis on virtual network slices as well by gathering the real
time power consumption data of a server by a power meter installed with it and then incorporating it
with the respective flows. EMMA is based upon a SDN/NFV integrated transport network using a
Beryllium framework and supports features including energy monitoring of the access network and
the optimization of power states for the nodes. Furthermore, an analytics module provide statistics
on the traffic consumption by the currently ongoing services, Provisioning manager would help in
setting up new network connections and dynamic routing of connections for the ongoing sessions
based upon the energy aware routing algorithms. Authors have envisioned EMMA as a fronthaul
technology for providing coverage for high speed trains. It comprises upon a context information
module for collection of data for mobility, a statistics module for storing the contextual data and
updating it regularly, and lastly the management module for consuming this data and making real
time moves in the network by switching on the nodes as the train approaches and switching them off
when it leaves. Significant energy savings ranging between 10 to 60% were demonstrated using the
real life data by switching on the nodes exactly when needed and keeping them asleep otherwise [56].

EEMA related SDN apps

Energy Management

Energy Monitoring

@

SDN Controller

Analogue
Radio over
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Figure 7. Energy Monitoring and Management via software defined networking (SDN).
5.2. Utility of Sleep Mode Energy Savings

In [57], authors discussed about getting benefited from the separated control and data planes in
a heterogeneous network. Since this concept was not used in the previous generation of networks,

361



Sensors 2019, 19, 3126

further exploitation of this feature is expected to yield significant energy reductions. It was proposed
that control plane communication would be done via low frequency macro cells and data plane
information exchange would take place through high frequency femto cells. Detailed statistics about
the daily traffic load and information about the kind of base stations deployed were tabulated. The
application of the regular cell switch off technique especially in the off peak hours would yield reduced
energy consumption of up to 48%. On the other hand, incorporation of power modulation at the
femto cells would keep them operational and would yield energy savings of up to 27%. If the extreme
isolation of control and data plane could be relieved then the macro cell would be able to serve the
users with not just the control signaling but also with data transfer at low frequencies, resulting in
a higher percentage of energy savings in the network. In addition to this concept, Reference [64]
discusses the possibility of achieving 50-80% energy savings by incorporation of the energy aware
heuristic algorithms.

6. Machine Learning Techniques for Energy-Efficiency in 5G

Recently, machine learning techniques have been employed to various areas of wireless networks
including approaches to enhance energy efficiency of the wireless network [58]. A typical example
would include a smart transmission point, such as the one shown in Figure 8 that would evolve itself
overtime by its observations.
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Figure 8. Dissection of a smart antenna.

In [59], the authors proposed switch-on/off policies for energy harvesting small cells through
distributed Q-learning. A two tier network architecture was presented for discussion on on-off
switching schemes based upon reinforcement learning. It is assumed that small cells are equipped
to get their associated macrocell to transfer its load over to them and they themselves would rely
upon the harvested energy, for example, solar energy. Application of Q-learning enables them to
learn about the incoming traffic requests over time so they could tweak their operation to an optimal
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level. The proposed scenario includes a macro cell running on electricity and small cells running on
solar energy with a distributed Q learning technique being used to gain knowledge about the current
radio resource policies. Reward function for the online Q-learning proposes to turn off the small cells
if users experience higher drop rates or use the ones that would already be on to take the burden
from the macro cell. On the other hand, authors in [60] devised a novel EE and E2E delay duty cycle
control scheme for controllers at the gateway of cellular and capillary networks. Formulation of a duty
cycle control problem with joint-optimization of energy consumption and E2E delay was addressed
followed by the distributed duty cycle control scheme.

In [61], the authors highlighted a distributed power control for two tier femtocell networks
with QoS provisioning based on g-learning. Power control in the downlink of the two tier femtocell
network was discussed and an effective network capacity measure was introduced for incorporating
the statistical delay. Self-organization of small cells was also discussed with the perspective of
Q-learning and utilization of a non cooperative game theory [61]. The proposed system model involves
a macro base station covering several femtocells in its vicinity, each of them serving their own set
of users. Expressions for SINR for both macro and femto cell users were also documented [61]. For
the consumer’s energy efficiency, Pareto optimization was opted for as compared to the traditional
multi-user scenarios, focusing on a system level energy efficiency instead.

Meanwhile in [62], the deployment of macro and pico base stations were made similar to the above
scenario. However, the random deployment of femto BS by consumers cause interference problems
and cognitive radio technology was put together with these femto BS for an improved spectrum
access. Spectrum sensing techniques provide benefits for UL transmission since the femto cells are
power limited as compared to the macro cells. Detailed mathematical analysis for spectrum sensing
techniques using both hard and soft decisions were demonstrated in [62]. Authors formulated objective
functions in such a way that although they are computing optimal power allocation for the users, the
whole scheme incorporates constraints for energy efficiency maximization. In [63], the authors also
use machine learning techniques for energy-efficient resource allocation in 5G heterogeneous cloud
radio access network. Cloud radio access networks are considered as a key enabler in upcoming 5G
era by providing higher data rates and lower inter cell interference. It consists of both small cells
and macro base stations for accommodating more users, providing them with superior quality of
service and for enhancing coverage area respectively where resources are scheduled through a cloud
RAN. A resource allocation scheme was put together with the aim of maximizing energy efficiency of
UEs served by the radio heads while minimizing inter tier interference [63]. Available spectrum was
divided into two resource blocks and assigned to different UE groups depending upon their location
and QoS demands. A central controller interfaced with the baseband unit pool gets to learn about the
network state through the interfaced macro base station and then take certain actions needed for energy
efficiency optimization. Furthermore, compact state representation was utilized for approximating
algorithm’s convergence. The resource block as well as the power allocation with respect to energy
saving in the downlink channel of remote radio heads in accordance with the QoS constraints has
also been documented. Since the given model depends upon the prior UE knowledge for it to make
transitions for optimization, Q-learning was proposed to practically model the objectives and system
specifications. The resource allocation is mainly carried out at the controller in the BBU pool and the
control signalling is carried out via the X1 and S1 links. The hierarchy of UEs and RRHs operate under
macro base station and convey their states to the controller.

7. Challenges and Open Issues

In accordance with the increase in the computational demand from the base stations, in the
upcoming 5G networks, energy efficiency needs to be scaled up by 100-1000 times in contrast with
the traditional 4G network [1]. Since the transmission ranges would have been scaled down due
the dense small cell deployment, the energy efficiency evaluation will potentially revolve around
the computational side as compared to the transmission side previously. Storage functions for local
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data caching should also be considered in this evaluation, since it would potentially be common
in the forthcoming networks. Scheduling schemes should be enhanced to involve an optimal
number of antennas and bandwidth for resource allocation. The trade-off between transmission
and computational power should be optimized considering the effects of the kind of transmission
technology involved. Software Defined Networking might be a potential fix for this issue, yet
it needs further exploration. Moreover, authors in [65] proposed the intermediate delays from
source to destination to be incorporated in the energy efficiency formulation for an even more
realistic estimation.

Most of the ongoing research has been discussing energy efficiency from a lot of different
perspectives but so far a unifying approach has not been reached. Green Touch project has taken such
an initiative but more exploration is needed for a stronger understanding [2].

With the explosive small cell deployment, 5G network would be interference limited so orthogonal
transmission techniques might not be practical. The framework of sequential fractional programming
might be extended for energy efficiency optimization with affordable complexity as suggested in [9].
Random Matrix theory and stochastic geometry appear as suitable statistical models for evaluating the
randomness within the wireless networks, but a thorough research on energy efficiency needs to be
conducted employing these tools.

Finally, the avenue of self-learning mechanisms is still less explored. Since local caching has
been considered a potential answer for reducing the load on backhaul networks, novel approaches
including this consideration need to be developed.

8. Conclusions

In this paper, we provide a survey of the state-of-the-art in energy-efficiency efforts in 5G.
These new studies touch on several novel paradigms such as new radio, NOMA, ML-driven techniques
and cache-enabled networks. Although there are several studies surveying the literature, our paper
provides a clear classification of the proposed techniques with in-depth comparison. The paper is
expected to be a road map for researchers in this field.
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