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ABSTRACT

Because of low-cost optical devices and virtually unlimited bandwidth, optical wireless
communications (OWC) for indoor wireless local area networks (WLANSs) have recently
become an attractive alternative to radio frequency systems. Since optical signals cannot
penetrate through walls or other opaque barriers, the security of infrared WLANS is very
high and there is no interference between rooms. Subsequently, cell planning is simple
and easy, and the potential capacity of an optical-based network in a building is extremely
high. However, the system link is susceptible to path loss and multipath dispersion. In
addition, the average transmit power is constrained by eye-safety regulations and power
consumption concerns. Hence, most recent research deals with the physical layer aspects
such as modulation, equalization and error-control coding in order to cope with these draw-
backs, especially the effects of multipath dispersion. The objective of this thesis is to study
practical signaling techniques capable of eliminating the effects of intersymbol interference
(ISI).

Regarding the drawbacks of OWC, modulation schemes which are power and band-
width efficient are considered. Pulse-position modulation (PPM) has been employed for
IrDA and IEEE802.11 standards because it offers high power efficiency. However, it re-
quires high bandwidth so that its performance is considerably degraded when the channel
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is more corrupted by ISI. A number of modified PPM techniques have been proposed to
improve bandwidth efficiency. This thesis introduces a hybrid between pulse-amplitude
modulation (PAM) and differential pulse-position modulation (DPPM), named differential
amplitude pulse-position modulation (DAPPM), in order to gain a better compromise be-
tween power and bandwidth efficiency. It yields better bandwidth and/or power efficiency
than PAM, PPM and DPPM depending on the number of amplitude levels (A), and the
maximum length (L) of a symbol.

The channel capacity of PPM, DPPM and DAPPM systems is investigated. Since these
modulation schemes over an ISI channel can be represented by a trellis diagram, their
channel capacity is determined using a method for calculating the capacity of a Markov
process channel. Over a soft-output channel, DAPPM achieves a higher capacity and is
less sensitive to multipath dispersion than PPM and DPPM. Moreover, the comparison
of hard-decision decoding (HDD) and soft-decision decoding (SDD) for PPM and DPPM
systems shows that the performance of SDD is superior to that of HDD, especially when
the channel is dispersive.

Then, some soft-decision techniques for DPPM system are considered. Although maximum-
likelihood sequence detection (MLSD) is the optimal SDD for DPPM system, its complex-
ity is extremely high. This thesis examines SDDs which are less complex than MLSD,
but have performance close to that with MLSD. As the DPPM system is a Markov pro-
cess, maximum a posteriori (MAP), Max-Log-MAP and the soft-output Viterbi algorithm
(SOVA) are adopted. In addition, a novel very low complexity soft-decision decoding al-
gorithm is introduced. The performance of the proposed algorithm is independent of the
knowledge of the channel model, while the performance of the optimal and suboptimal
MAP algorithms is impaired when the receiver has no information about the channel.

Finally, to achieve lower power requirements, error-control coding in an OWC system
is investigated. Because insertion and deletion errors exist in DPPM systems, conventional
coding techniques cannot be used. This thesis presents the concatenation of marker and

Reed-Solomon codes which is able to correct such errors. The coded systems with HDD



and SDD are examined by analysis and simulation.
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Chapter 1

Introduction

Recently, the use of mobile devices, e.g., laptops, cell phones and PDAs, has become ubig-
uitous. Users expect to access very high-speed backbone networks and be able to com-
municate with other users, and share common resources such as printers and scanners,
through an ad-hoc network at high transfer data rates. As a consequence, wireless local
area networks (WLANs) have been introduced and attract more attention from researchers.
WLANS are subject to more noise and interference compared with wired-line systems.
Because users are sharing the same high-speed network channel, high data security and ex-
tremely high bandwidth are in demand. From a user’s point of view, power consumption,
size, weight and cost of portable devices are major concerns. Thus, WLAN design is more
challenging than for a cable backbone network.

In general, WLANs have adopted radio wave-based technology, for example Bluetooth,
IEEE802.11 and ultra wideband (UWB). The demand for access to the network is growing
rapidly, yet radio bandwidth is limited. In the future, radio frequencies may be insufficient
to accommodate a large number of users or devices. Accordingly, Gfeller and Bapst [1]
recommended utilization of infrared in indoor wireless communications in 1979, and this
has been received wide interest. The most attractive point of infrared WLANSs is that they
provide virtually unlimited and worldwide unregulated bandwidth because the infrared fre-
quencies range from 300 GHz to approximately 300 THz. The optical transceiver can be
made smaller and cheaper than an RF transceiver module. In addition, the optical circuitry

consumes little power; therefore the battery life can be very long. A comparison of dif-



ferent communications standards, e.g., IEEE802.11, UWB, Bluetooth and an optical link
in terms of power consumption and bit rate was given in [2]. It was shown that optical
systems achieve the highest bit rate and the least energy consumption normalized by the
bit rate (J/Bits). Since optical signals cannot penetrate through walls or other opaque bar-
riers, the security of infrared WLANS is very high and there is no interference between
rooms. Consequently, the cell planning is simple and easy, and the potential capacity of
an optical-based network in a building is extremely high. Infrared WLANSs can be used in
radiowave prohibited environments such as hospitals, airplanes and laboratories as there is
no electromagnetic interference (EMI).

An optical system is expected to operate at very high data rates (several Gbps) within
approximately a 10-meter range. However, the crucial factor which hinders the rate of
data transmission is multipath dispersion caused by reflections from ceilings and walls.
The misalignment between transmitter and receiver caused by objects and people degrades
the performance of the system. Optical wireless communications (OWC) are also sus-
ceptible to ambient optical noise such as sunlight and illuminating lights. Hence, most
recent research deals with the physical layer aspects of optical systems such as modulation,
equalization and error-control coding, in order to cope with these drawbacks, especially the
effects of multipath dispersion [3, 4, 5, 6].

The object of this thesis is to develop modulation schemes and error-control coding
techniques in order to improve the performance of indoor optical wireless communications.

Both the bit error rate (BER) and channel capacity are investigated.

1.1 Optical Wireless Communications (OWC)

Since a coherent optical system is difficult to implement because of the need for an ac-
curate local oscillator and requires expensive coherent optical sources, an optical wireless
system widely uses intensity modulation and direct detection (IM/DD) which is simply im-

plemented, as shown in Fig. 1.1. Furthermore, the advantage of using IM/DD is its spatial
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Figure 1.1. (a) Transmitter and receiver in an infrared link with intensity modulation and
direct detection (IM/DD). (b) The channel can be modeled as a time-invariant system hav-
ing impulse response h(t), with additive white Gaussian noise n(t). The photodetector has

responsivity .



diversity. Intensity modulation means that the intensity of the light wave 2(¢) is modulated
according to the transmitted data. The intensity of the light-emitter, i.e. either a laser diode
or a light-emitting diode (LED), can be adjusted by varying its bias current. The transmitted
light signal, represented as power, must be a nonnegative value unlike in radio-frequency
communications, i.e.

z(t) >0, (1.1)

and its average is constrained by eye-safety regulations according to International Elec-
trotechnical Commission (IEC) standards [7] since optical radiation can cause harm to the

eyes. The average transmitted optical power P,

1 [T -

B= Th_l};o A ke z(t)dt (1.2)

must be less than the Laser Safety Standard [EC60825-1: class 1 allowable exposure limit
(AEL) which depends on the wavelength and size of the source. The allowed average
optical power increases with wavelength.

At the receiver, a large-area photodiode with photodetector responsivity 7 (A/W) is used
to detect the transmitted optical signal. The use of a large square-law detector operating
on a short wavelength can mitigate the multipath fading. Output electrical current y(t) is
induced proportional to the light intensity impinging on its surface. The output current y ()

generated by the photodetector can be written as
y(t) = rh(t) * z(t) + n(t), (1.3)

where * denotes convolution and A(t) is the channel impulse response with path loss
H(0) = [ h(t)dt. Since the room configuration does not change, the optical wireless
link with IM/DD can be considered as a linear time-invariant channel. The ambient back-
ground light from illuminating lights and sunlight induces a high intensity shot noise in the
photodetector, so that the received noise n(t) can be modeled as additive white Gaussian
noise (AWGN) with double-sided power-spectral density Ny [3, 8]. The performance of a

wireless optical link at bit rate R, is related to the received electrical signal-to-noise ratio



(SNR)
_ v*H(0)*P}

= 1.4
SNR RN (1.4)

1.2 Transceiver

In an optical system, a low-cost light emitter and photodetector which operate at wave-
lengths between 850-950 nm are usually chosen to be the transmitter and receiver [3, 9]. At
the transmitter, either a light-emitting diode (LED) or a laser diode can be used. The light
beam generated from the LED is approximately proportional to the drive current, while
the laser diode emits light proportional to the current when it is larger than the threshold.
A laser diode has a number of advantages over LEDs. A laser diode can be modulated
faster and the electrical power is converted to optical power more efficiently. It also emits a
narrow beam of concentrated light so that it is suitable for use in an OWC system with line-
of-sight. However, a laser diode has some drawbacks such as its characteristic can change
drastically as a function of temperature or age of the device and it is more expensive than
LEDs. A laser diode requires special circuitry for threshold and temperature compensa-
tion; therefore the transmitter using a laser diode is more complicated than that using a
LED. When the cost is the first concern, a LED is preferable. Nonetheless, the selection of
either a LED or a laser diode depends on the specifications of the system.

A photodetector is a transducer capable of converting incident light into an electrical
current containing the same information as in the transmitted light. Two practical options
for a photodetector are a p-intrinsic-n (PIN) diode and an avalanche photodiode (APD).
Although the photocurrent gain of an APD is greater than that of a PIN diode, a PIN diode
is preferable because it is cheaper and easier to bias. Furthermore, an APD generates
excess shot noise due to the current flowing in the device. Besides the photodetector, a
filter and concentrator are required at the receiver [3, 10]. A bandpass optical filter is used
to eliminate ambient light noise and the concentrator provides higher gain at the receiver.

Recently, a transceiver for OWC operating at 155 Mbps has been implemented using
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Figure 1.2. Non-directed link configurations (a) Line-of-sight link (b) Diffuse link.

integrated technology [11]. The transmitter is an array of resonant cavity LED emitters
operating at 980 nm and the receiver is a detector array flip-chip bonded to a CMOS inte-
grated circuit. Later, Sekai ef al [12] developed a micro module of size D12 x W19 x H14
mm for an indoor full-duplex beam optical wireless communications system which cari 0p-
erate at more than 1.25 Gbps over distances exceeding 10 meters. The module consists of
a vertical-cavity surface-emitting laser, photodiodes and beam splitters for separating the

receiving beam from the transmitted beam.

1.3 Channel Model

An OWC channel can be categorized as a directed or a non-directed link. The transmitter
and receiver used on a directed link have a narrow-beam radiation pattern and a narrow
field of view, respectively. On the other hand, a non-directed link adopts a transmitter with a
broad-beam radiation pattern and a receiver with a wide field of view. When the transmitter
is aimed directly at the receiver, the link is called line-of-sight (LOS). Conversely, a non-
LOS link utilizes the reflection characteristic of light, i.e. the transmitter is pointed up and
the received optical power is that scattered from the ceiling and walls [3]. The directed
LOS link has been adopted for long distance optical wireless systems. Since the optical
power is concentrated into narrow optical beams and the ambient background light noise
and the multipath dispersion cannot corrupt the system due to the narrow field of view of
the receiver, the system can operate at extremely high data rates on the order of 1-2.5 Gbps

[13, 14]. However, the requirement of alignment between transmitter and receiver means



a directed LOS link is not suitable for WLANSs. Therefore the non-directed link shown in
Fig. 1.2, using either a LOS or a diffuse configuration, is preferable for infrared WLANS.
A hybrid link configuration for LOS and diffuse links, called quasi-diffuse link, has been
proposed [15, 16, 17]. In a quasi-diffuse link, a holographic beam splitter is used at the
transmitter to split the emitted light into multiple narrow beams instead of a large wide
beam as with a diffuse link. The transmitted signal is less attenuated but the channel is
more susceptible to shadowing compared with a diffuse link due to the low beam scatter.

According to the results in [18], a non-directed LOS link needs less transmit power than
a diffuse link. However, if the alignment between transmitter and receiver is obstructed,
the LOS link performs worse than the diffuse link. Exploiting the diffuse link in an indeor
infrared wireless system was first proposed by Gfeller and Bapst [1]. Their research showed
that the ceiling and office materials are well-approximated by an ideal Lambertian reflector,
so that the incident infrared energy will re-radiate in all directions with appreciable energy.
Hence, this provides a number of paths between the transmitter and receiver that make the
diffuse channel difficult to be interrupted by shadowing.

The channel impulse response of a diffuse link has been studied through simulation and
experimental results under different indoor environment [19, 20, 21]. It was shown that the
channel model depends on room sizes, transmitter and receiver locations and orientations.

In 1997, a closed form expression was introduced by Carruthers and Kahn to repre-
sent the intersymbol interference (ISI) in an indoor wireless optical channel. Afterwards, a
ceiling-bounce model was widely used to investigate optical wireless communication per-
formance. Note that this model will be used throughout this thesis. The impulse response
of a diffuse link can be represented as [20]

6a®
(t+a)”

where u(t) is the unit step function and a depends on the room size and the transmitter and

h(t) = H(0)

ult), (1.5)

receiver position. a is related to the rms delay spread D,.,,s by [20]

g (1.6)

Dyms = 14/ =
™12V



In addition, we define Dy as the ratio of rms delay spread to bit duration T}, i.e. Dy =
D,ns/Tp [22]. The channel model is characterized by two parameters, rms delay spread
D,s and optical path loss H(0), which cause intersymbol interference and signal attenua-

tion, respectively.

1.4 Survey of Current Applications of Optical Wireless
Communications

Besides using OWC inside buildings, it can be used to transmit data outdoors. Optical
wireless communications for outdoor applications, normally referred to as free space of).t.ics
(FSO), are also rapidly gaining attention. Therefore in this section, a survey of recent

applications of optical wireless communications for both indoors and outdoors is reviewed.

1.4.1 Indoor applications

The standards of infrared WLANs were completed by two major organizations, IrDA and
IEEE. The Infrared Data Association (IrDA) [23] was formed in 1994 in order to establish
an open standard and develop the applications and protocols for infrared data communi-
cations. The Infrared Financial Messaging (IrFM), which is a universal wireless payment
standard, is one development by IrDA. IrFM allows to high secure payments to be made at
point of sales (POS) terminals and vending machines, and transfer the transaction record
at high speed using infrared. The current transfer data rates of IrDA standards, so called
IrBURST, are 115.2 kbps, 4 Mbps and 16 Mbps, with 100 Mbps under development. More-
over, an Ultra Fast Infrared (UFIR) special interest group has been established in order to
support I'BURST requirements for digital content transfer rates up to 500 Mbps. A WLAN
specification for an optical wireless physical layer has also been proposed by IEEE802.11
[24]. According to the specification, the infrared physical layer can support two data rates:
1 Mbps with 16-PPM and 2 Mbps with 4-PPM.



Instead of using a frequency in the infrared range, Tanaka proposed the use of a white
LED as a transmitter and he renamed OWC as visible-light communications [10]. Soon,
most electric lights will be replaced by white LEDs. White LEDs offer advantages and
properties such as high brightness, reliability, lower power consumption and a long life-
time. Besides use as illumination, LEDs can be used as a communication device. Visible-
light communications can be integrated with power-line communications [10, 25] to reduce
the requirements of installing a wired network. In June 2005, [26] a visible light system
was installed at Kansai Airport, Japan, for passengers to be able to receive information
about departures, shops and facilities, and to download music and video at rate of several
Mbps from an LED. Optical wireless systems have also gained high interest in audio-vispal
equipment, especially for home multimedia. In 1997, NEC [27] announced the success of
OWC in multimedia networks with transmission rates up to 125 Mbps over a maximum
distance of 10 meters. Later, JVC [28] adopted optical wireless transmission technology to
transmit high definition (HD) television signals between a source device and a display in
2004. The system operates at a data rate of 1.5 Gbps within a 10-meter area.

Since radiowaves from mobile RF-emitting devices have the potential to interrupt the
normal operation of medical and avionic equipment, optical wireless communications have
received much attention from hospitals and aircraft companies. In 1999, Clarinet Systems
[29] released PDA-based infrared networking solutions for the healthcare market. It allows
physicians, clinicians, staff, faculty, and students to access the network via both PocketPC
and PDAs. The network has been successfully installed at many healthcare centers in
North America. Schmitt [30] presented the use of OWC in aircraft cabins for in-flight
entertainment. The first laboratory demonstration showed that data rates up to 10 Mbps
over a diffuse link can be achieved.

1.4.2 Outdoor applications

Outdoor optical wireless systems with LOS provide the ability to transmit data between

buildings up to several Gbps over a few-kilometers distance (1 to 5 km) [31, 32], as shown
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Figure 1.3. Free space optic (FSO) transmission between buildings.

in Fig. 1.3. However, the channel is subject to severe weather fluctuations due to fog, snow
and rain. Current products offer bit rates from 1.5 Mbps up to 1.5 Gpbs over distances
between 250 meters and 5.5 kilometers [33, 34, 35, 36]. The availability of the connections
is about 99.999%. In Japan, an information system with LED traffic lights has been intro-
duced [37]. The driver can receive real-time traffic information about traffic jams, traffic
restrictions, accidents, construction and parking lots from LED traffic lights.

Since an optical wireless system can be quickly installed and the optical frequency
range is unlicensed and unregulated, it can also be used on a temporary basis. For example,
during the Olympic games in 2000, a free-space optical link was used to transmit eight
broadcast video channels over a distance of 0.89 kilometers [38]. Aljada et al suggested
that when existing networks are damaged in a disaster area, OWC can be exploited to
connect between the disaster information center and the evacuation locations [39].

Optical wireless communications have also been adopted for deep space communica-

tions. The design of a system with a high data rate and small antennas is difficult due to a
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great distance in deep space and limited room on spacecrafts. In a comparison amongst all
technology candidates, an optical system is preferable because OWC achieves very high
data rates and offers less beam spread and a smaller transceiver than RF systems. As a
result, OWC has been developed for use in deep space communications for decades at Jet
Propulsion Laboratory (JPL) [40]. Furthermore, the first high-speed deep space optical
communications system will be on board NASA’s Mars Telecommunications Orbiter to be

launched in 2009 [41].

1.5 Thesis Structure

The main drawback of an optical wireless link is dispersion, which causes ISI and effec-
tively limits the data rates of the system. Therefore this thesis focuses on signaling tech-
niques which are able to diminish ISI and are also practicable. This thesis is organized as
follows.

In Chapter 2, the modulation schemes for OWC are discussed. A system with intensity
modulation and direct detection normally uses baseband modulation, e.g., on-off keying
(OOK) and pulse-position modulation (PPM) since it is simple to adjust the intensity of the
light. In addition, modulation schemes which are adapted from PPM have been proposed.
Differential pulse-position modulation (DPPM) is one obtained by modifying PPM. Its ad-
vantages over PPM are that it provides more power efficiency and/or bandwidth efficiency
and throughput. Moreover, symbol synchronization is not required so that the design of
receiver can be simpler. As pulse amplitude modulation (PAM) offers better bandwidth
efficiency, a hybrid of DPPM and PAM termed differential amplitude pulse-position modu-
lation (DAPPM) is proposed. The performance of DAPPM will be analyzed and compared
with other modulation schemes over non-dispersive and dispersive links.

In Chapter 3, it is shown that modulation schemes such as PPM, DPPM and DAPPM
over an ISI channel can be represented as Markov processes. Accordingly, the channel ca-

pacity of the modulation schemes with hard- and soft-decision decoding is investigated by
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using expectation-maximization. Soft-decision decoding achieves more power gain than
hard-decision decoding, especially when the channel is subject to dispersive multipath.
Thus, soft-decision techniques for a DPPM system which have performance close to opti-
mal soft-decision decoding are proposed in Chapter 4.

DPPM using a non-zero pulse to identify the symbol boundary provides better band-
width efficiency and the receiver can be simply implemented. However, this technique
introduces a class of errors called insertion and deletion errors. An insertion error occurs
when an extra symbol which was not transmitted is detected at the receiver. In contrast,
a deletion error occurs when a transmitted symbol is not detected at the receiver. There-
fore in Chapter 5, a concatenated code which can handle these errors is introduced.and
applied to a DPPM system. The performance of coded DPPM systems is evaluated by
analysis and simulation. Finally, Chapter 6 presents a summary of the thesis, future work

and extensions.
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Chapter 2

Modulation for Optical Wireless

Communications

For indoor applications, a non-directed diffuse link, exploiting the light-reflection charac-
teristics for transmitting data to a receiver, has been considered as a suitable configuration
because alignment of the transmitter and receiver is not required and it is robust against
shadowing. On the other hand, these advantages lead to the major drawbacks of a diffuse
link. First, the lack of a direct link between transmitter and receiver increases path loss.
The second disadvantage is multipath dispersion caused by reflections of light from walls
and room objects. In addition, the transmit power is constrained by power consumption
concerns and eye-safety regulations [7]. Consequently, a power and bandwidth efficient
modulation scheme is desirable. The comparison of several modulation schemes for op-
tical wireless communications was presented in [41, 42, 43, 44, 45, 46, 47]. Next, the
modulation schemes which are employed in OWC are summarized.

Normally, an optical wireless system adopts a baseband modulation scheme such as
on-off keying (OOK) or pulse-position modulation (PPM) because the transceiver can be
simply implemented as a pulse of light is sent for an “on” chip and no light is sent for an
“off” chip. In a PPM system, each symbol interval is partitioned into L chips and only one
“on” chip is sent during a symbol duration. The pulse position is indicated by binary repre-
sentation. Because PPM has a low duty cycle which offers improved power efficiency, it has

been utilized in IrDA and IEEE802.11 standards. Although the optical power requirement
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can be made small when L is large, the bandwidth efficiency is significantly decreased. At
the high data rate, the number of symbols affected by intersymbol interference increases so
PPM performs worse over a dispersive channel. As a result, several variations of PPM such
as multiple PPM (MPPM) and overlapping PPM (OPPM) have been developed in order to
gain higher bandwidth efficiency, i.e. the effect of intersymbol interference is mitigated
when the channel is dispersive. In multiple PPM (MPPM), a group of |log, [£]] bits is
mapped to n pulses in L chip positions. The pulse positions are assigned such that MPPM
is orthogonal signaling. The transmission bandwidth is about half that of PPM and the
peak power is also reduced. When the n pulses are constrained to be consecutive, MPPM
is defined as overlapping PPM (OPPM); however, OPPM is not orthogonal. Note thatthe
length of PPM, MPPM and OPPM symbols is fixed.

The bandwidth requirements can be also reduced by using modulation schemes in
which the number of chips per symbol is variable. Examples of such schemes are dif-
ferential pulse-position modulation (DPPM), digital pulse interval modulation (DPIM) and
dual header pulse interval modulation (DH-PIM,,). The DPPM waveform is obtained from
PPM by deleting the “off” chips following the “on™ chip. One of the advantages of DPPM
over PPM is that it does not require symbol synchronization since the “on” chip indicates
a symbol boundary. Accordingly, the symbol length varies from 1 to L. It has been shown
that DPPM achieves a good compromise between power efficiency and bandwidth effi-
ciency, and provides twice the throughput of PPM [41, 48, 49]. DPIM [50, 51, 52] is an
inverted version of DPPM. Dual header pulse interval modulation (DH-PIM,,) [22, 53] is
a modified version of DPIM. DH-PIM,, has less transmission bandwidth than DPIM at the
expense of a higher average power requirement and o denotes number of pulses in header
two. Also, DH-PIM,, has built-in symbol synchronization.

The improved PPM schemes as discussed above are only binary (two) level. The band-
width efficiency can be also achieved by using multilevel modulation schemes at the cost of
higher power requirements. The simplest multilevel modulation scheme is pulse amplitude

modulation (PAM). A PAM symbol is represented as a single pulse with an amplitude cor-
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Figure 2.1. The symbol structure for M = 2 bits/symbol with (a) 4—DPPM and (b) 2 X
2—DAPPM.

responding to a group of M transmitted data bits. A new modulation scheme, adaptively
biased quadrature amplitude modulation (AB-QAM), was proposed and it was shown that
it offers a 3 dB improvement in SNR over PAM for the same bandwidth efficiency [54].
In this chapter, a novel hybrid modulation technique called differential amplitude pulse-
position modulation (DAPPM) is proposed. DAPPM is a combination of pulse amplitude
modulation (PAM) and differential pulse-position modulation (DPPM). In the next sec-
tions, the symbol structure and properties of DAPPM, e.g., peak-to-average power ratio
(PAPR), bandwidth requirements, and throughput, are discussed. The power spectral den-
sity is also derived and compared to that of other modulation schemes. The performance
of DAPPM with hard-decision detection on non-dispersive and dispersive channels is ex-

amined by analysis and simulation.

2.1 Differential Amplitude Pulse-Position Modulation

Differential amplitude pulse-position modulation (DAPPM) is a combination of PAM and
DPPM. Therefore the symbol length and pulse amplitude are varied according to the infor-
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Table 2.1. Mapping of 3-bit OOK words into PPM, DPPM, DH-PIM> and DAPPM sym-

bols.

OOK | PPM |DPPM | DH-PIM, | DAPPM | DAPPM
@L=8) |(@L=8) (L=8) (A=2,L=4) | (A=4,L=2)

000 | 10000000 | 1 100 1 1

001 | 01000000 | 01 1000 01 01

010 | 00100000 | 001 10000 | 001 2

011 | 00010000 | 0001 100000 | 0001 02

100 | 00001000 | 00001 110000 |2 3

101 | 00000100 | 000001 | 11000 |02 03

110 | 00000010 | 0000001 | 1100 002 4

111 | 00000001 | 00000001 | 110 0002 04
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mation being transmitted. A set of DAPPM waveforms is shown in Fig. 2.1. A block of
M = log,(A x L) input bits is mapped to one of 2* distinct waveforms, each of which has
one “on” chip which is used to indicate the end of the symbol. The amplitude of the “on”
chip is selected from the set {1,2,..., A} and the length of a DAPPM symbol is from the
set {1,2,...,L}. Alternatively, the DAPPM encoder transforms an information symbol

into a chip sequence according to a DAPPM coding rule such as the one shown in Table
2.1. The transmitted DAPPM signal is then

o)) = 3 (%) bupte — kT2, e

k=—oc
where by € {0,1,..., A}, P. is the peak transmit power and p(t) is a unit-amplitude fect-
angular pulse shape with a duration of one chip, i.e.

T, = @ 22)

where Tj, is the bit duration and L is the average DAPPM symbol length given by

L= ﬂ (2.3)
2
Therefore
2M

T,=——, 2.4
(L + 1)Rb (24)

where R represents the data bit rate. The PAPR of DAPPM is then

P. L+1

PAPR = — = ——. 2.5
P A+1 e

The required first-null bandwidth of DAPPM to support communications at bit rate R}, is

given by
1 (L+1)R,
W=—o=————.
T, 2M

The bit rate of DAPPM is not constant due to the variable-length symbols. We assume

(2.6)

that the symbol length is random and equiprobable. The average bit rate R, with variable-
length symbols is defined as the average number of information bits per transmitted chip
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Table 2.2. Peak-to-average power ratio (PAPR), bandwidth requirements and throughput
of PPM, DPPM, DH-PIM,, and DAPPM, where M represents the number of bits/symbol.

Modulation scheme PPM | DPPM DH-PIM,, DAPPM

oM 2M 4 2(2M-142a+1) oM 4
2 3a A(A+])

PAPR

BandWidth requirement -2.’\/!36 (2A1+1)Rb (2Au—1+20+1)Rb (2M +A)R,

M 2M 2M 2MA
(Hz)
MaM+1 MaoM+1 MA2M+1
Throughput M Py BM—113a+1) M 1A)

[53]. Therefore the average bit rate with DAPPM is

= M 2M
B=ir=T+m

2.7
We define the throughput as the average number of information bits which can be transmit-
ted during the time required to transmit M bits for OOK. We now compare the throughput
of PPM, DPPM, DH-PIM,, and DAPPM assuming that they have the same chip duration
equal to the chip duration of PPM. The throughput of DAPPM is then

A4A2M+l
M + A)

The properties of PPM, DPPM [46, 49], DH-PIM,, [22, 53] and DAPPM are summa-

Throughput = (2.8)

rized in Table 2.2. Compared to the other modulation schemes, DAPPM provides better
bandwidth efficiency, higher throughput and a lower peak-to-average power ratio. Fig. 2.2
shows that the throughput of DAPPM approaches 2A times and A times that of PPM and
DPPM, respectively, as the number of bits/symbol increases. The throughput of DH-PIM»
is about the same as DAPPM (A=2). However, DAPPM requires better threshold detection
accuracy than DPPM in the system components.

Next, the power spectral density of DAPPM is derived. From (2.1), 2(¢) can be viewed
as a cyclostationary process [55, 56] with a power spectral density (PSD) given by S(f) =
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Figure 2.2. The throughput of PPM, DPPM, DH-PIM> and DAPPM normalized to the
throughput of OOK (M bits/symbol).

(1/T.)|P(f)|?Ss(f). For a rectangular pulse p(t), |P(f)|> = T2sinc®(fT.). Sy(f) is the
discrete-time Fourier transform of the chip autocorrelation function Ry, which is defined
by R,—m = E[bpby,). The autocorrelation of the chip sequence Ry, is

(A+1)(24+1)
3L+1)

Ry = 29)

(A+1)22(£+1)‘*—2,1 <k<L
R = : (2.10)

ETL Rk L
Ry, converges to E[b]? where E[b] = (A + 1)/(A(L + 1)), as k increases, so the con-
tinuous and discrete components of the PSD can be approximated as
5L

S(f)~ ) (R~ Ebl* exp(~j2rkfT), (2.11)

k=—5L

and

2 »
Sa(f) = Ej[z] >0 (f - %) , (2.12)

k=—oc c
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Figure 2.3. The power spectral density of OOK, PPM, DPPM, DH-PIM,> and DAPPM

with the discrete spectral portion omitted when M = 4 bits/symbol. All curves represent

the same average transmitted optical power with a rectangular pulse shape.

respectively. An estimate of the power spectral density of DAPPM is compared with those
of other modulation schemes [49, 53] is illustrated in Fig. 2.3. Given the same number of
bits/symbol, the PSD of DAPPM is similar to those of DPPM and DH-PIM,. In addition,
DAPPM requires less bandwidth but is more susceptible to baseline wander [51] because

the PSD of DAPPM has the larger signal around DC.

2.2 Error Probability Analysis of DAPPM

A block diagram of the DAPPM transmitter is shown in Fig. 2.4(a). Each block of M
input bits is converted into one of the 2" = A x L possible symbols. Each chip by, is input
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Figure 2.4. (a) Block diagram of a DAPPM transmitter. The data bit sequence is trans-

formed to the chip sequence (by) according to the DAPPM coding rule. An “on” chip

induces the generation of a rectangular pulse p(t) with amplitude (byP,.)/A. The resulting

optical signal z(t) is transmitted through a channel with impulse response h(t). (b) Block

diagram of an unequalized hard-decision DAPPM receiver comprised of a receive filter

r(t) = p(—t), matched to the transmitted pulse shape, and an optimum threshold detector.
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to a transmit filter with a unit-amplitude rectangular pulse shape and multiplied by P./A.
Then, the light signal z(¢) is transmitted through a channel with impulse response (%) in
(1.5) and it is corrupted by white Gaussian noise n(t). The received signal passes through a
receive filter r(f) = p(—t) matched to the transmitted pulse. The output of the receive filter
is sampled and converted into a chip sequence by comparing the samples with an optimal
threshold as shown in Fig. 2.4(b). The filter output . is compared to the optimal detection
thresholds {6, . . ., 64} (which are relative to P,) to estimate the transmitted chip b, as

3 ’

0, forry <6,
b = 14 4, for 6; <ry < i1, wherei =1,2,...,A—1, (2:13)
A, forry >64.

The equivalent discrete-time impulse response of the system can be written as

fe = f(O)le=pT. = %P(t) * h(t) % 7(t)| =k (2.14)

In an optical wireless system, we compare the performance of modulation schemes by
evaluating the power penalty, which is the average power required normalized by the aver-
age power required to transmit the data over a non-dispersive channel using OOK modula-

tion at the same error probability. The power penalty can be calculated as

P(BER, h(t), Ny, Modulation Scheme)

R = P(BER, 6(2), No, OOK) e
where the bit error rate (BER) for OOK is
rH(0)P,
= 2.1
BERook = Q ( TN ) ; (2.16)

and P(BER, h(t), No, Modulation Scheme) represents the average power required to achieve
a specific error probability with a modulation scheme over a channel with impulse response
h(t) and additive white Gaussian noise with two-sided noise Ny. We only consider the ef-
fects of noise and multipath dispersion, so it is assumed there is no path loss, H(0) = 1,

and the photodetector responsivity is 7 = 1.
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2.2.1 Non-dispersive channels

We first consider the performance of DAPPM over a non-dispersive channel, i.e. h(t) =
0(t). The input symbols are assumed to be independent, and identically distributed. Let
po denote the probability of receiving an “off” chip, and p 4 the probability of receiving a
pulse with nonzero amplitude. Then the probability of chip error is given by

Pce = pOQ{ﬂ}

AVNW
& (ofl) o)
+ pa@Q {(‘j{\/—]\%—‘)&?}. @17

Similar to DPPM, the “on” chip indicates a symbol boundary. Therefore the DAPPM
receiver is simpler than that for PPM since symbol synchronization is not required (but
chip synchronization is still needed). However, since there is no fixed symbol boundary, a
single chip error affects not only the current symbol, but also the next symbol. Therefore
we cannot compare its performance with other types of modulation in terms of bit error rate
(BER) but we use frame error rate (FER) instead. To transmit an F-bit frame, the average
DAPPM chip sequence length is

F(L+1)

N= Wi (2.18)
For very small values of P,., the frame error rate can be approximated by [22]
FER=1-(1—-P.)V ~ NP.. (2.19)

Power requirements are normalized to the power required to send a 1000-bit frame
using OOK at an average frame error rate of 1076, Fig. 2.5 shows the average optical
power and bandwidth requirements of OOK, PAM, PPM, DPPM, DH-PIM; and DAPPM.
DAPPM can give better bandwidth and/or power efficiency than PAM, PPM, DPPM and
DH-PIM, depending on the number of amplitude levels (A) and the maximum length (L)
of a symbol. Given the same power penalty as PPM (L = 4) (which has been adopted as
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Figure 2.5. The normalized optical power and bandwidth required for OOK, PAM, PPM,
DPPM, DH-PIM, and DAPPM over a non-dispersive channel. Each point of DAPPM
represents the maximum length (L) of symbol. For other modulation schemes, each point

represents the number of possible symbols (2M).

an IrDA standard [23]), DAPPM (A = 2, L = 8) and DAPPM (A = 4, L = 16) provide
better bandwidth efficiency, throughput and PAPR. In particular, DAPPM (A = 2, L = 16)
yields better power efficiency and double the throughput of DPPM (L = &), albeit at a
slightly lower bandwidth efficiency.

2.2.2 Dispersive channels

In this section, we consider the performance of DAPPM over a dispersive channel which

has impulse response given in (1.5) and causes intersymbol interference. Thus, when the
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bit rate increases, the performance of the system will be degraded. Here, we focus our
attention on the effects of ISI caused by multipath dispersion, and assume that the timing
recovery is perfect, decision thresholds are optimized and the receiver and transmitter are
co-located.

Note that the discrete-time dispersive channel (f;) contains a zero tap, a single pre-
cursor tap, and possibly multiple postcursor taps. Suppose that the channel contains m
taps. Let s; be an m-chip segment randomly taken from a DAPPM sequence, p(s;) be the
probability of occurrence of s;, and I(s;) the receiver filter output (excluding noise) of the

next-to-last chip of s;. The probability of chip error is
Pce == Zp(Sj)E(Sj), (2‘20)
J

where
(6:1—1(s4)) Pe _
Q ( TA\/_NQJW ) , b =0,

Al s (I(s;)—0:i) Pe (8i+1—1(s5)) 3z
() = Q (Ledgt?) + @ (Lerlel) | be=1, 2:21)

(U(sj)—04)Pc -
Q ( A /AY_O:V ) s bk = .’4.

Fig. 2.6 shows the power required by DAPPM compared to the other modulation
schemes to transmit an optical signal in a room with a 3.5 m-height at different bit rates.
Given the same number of bits/symbol (M = 2), DAPPM provides better power efficiency
compared to PAM because the “off” chips between “on” chips of the symbols reduce the
influence of ISI. Note that DH-PIM,, requires less power than DAPPM.

Next, we compare the performance of DAPPM with PPM, DPPM and DH-PIM, when
the maximum length of a symbol is the same. DAPPM requires about 1 dB more transmit
power than DPPM and 2 dB more than PPM when the bit rate is lower than 50 Mbps. When
the bit rate is over 50 Mbps, the average optical power required with DAPPM is about 1.5
dB more than DPPM and 1 dB more than PPM. On the other hand, DH-PIM, requires
more power than DAPPM. Intuitively, DAPPM has better bandwidth efficiency and so is
more susceptible to corruption by noise, but the influence of ISI is less than with PPM
and DPPM at high bit rates. This is because the effects of ISI are alleviated by the longer
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Figure 2.6. Average optical power requirement of PAM, OOK, PPM, DPPM, DH-PIM,
and DAPPM versus bit rate Ry, (in Mbps) over a dispersive channel.
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symbol duration of DAPPM compared to that with PPM and DPPM. However, as shown in
Fig. 2.6, DAPPM has less power efficiency and requires more average optical power than

PPM and DPPM.

2.3 Conclusions

We introduced DAPPM and investigated its performance over an indoor wireless optical
link. DAPPM provides several advantages. A DAPPM receiver is simple because it does
not need symbol synchronization. We compared DAPPM with PPM DPPM and DH-PIM,
on the basis of required bandwidth, throughput, peak-to-average power ratio and required
power over non-dispersive and dispersive channels. It was shown that DAPPM requires
less bandwidth when the number of amplitude levels is high. Furthermore, the throughput
of DAPPM converges to 2A times and A times that of PPM and DPPM, respectively, when
the number of bits/symbol increases. The throughput of DH-PIM; is about the same as
DAPPM (A = 2). Hence, given the same symbol duration, DAPPM can provide a higher
data rate than PPM, DPPM and DH-PIM,,. Also, DAPPM achieves a lower peak-to-average
power ratio. However, it requires more average optical power than PPM, DPPM and DH-
PIM,, to achieve the same error probability.

Over a dispersive channel, given the same number of bits/symbol, DAPPM with an
unequalized receiver provides better performance than PAM but it requires more power
than DH-PIM,. For the same maximum length, although DAPPM has better bandwidth
efficiency, it requires more average optical power than PPM and DPPM but less power
when compared to DH-PIMs.



28

Chapter 3

Channel Capacity for Indoor Optical

Wireless Communications

3.1 Introduction

Optical wireless communications have the potential for extremely high data rates of up
to tens of Gbps. However, this capacity still cannot be achieved because of the physical
limitations of optical devices and the channel which exhibits path loss, noise from ambient
light and the receiver, and the multipath dispersion from multiple reflections off walls and
other objects in a room. In addition, the signal which represents optical power must be
positive and its average is subject to eye-safety regulations [7]. Therefore the object in this
chapter is to investigate the effects of the presence of noise and intersymbol interference on
the channel capacity of an indoor optical wireless system.

The channel capacity of PPM over memoryless and multipath channels was examined
in [57, 58, 59]. However, the capacity of DPPM and DAPPM over such channels has not
yet been investigated. In this chapter, we show that PPM, DPPM and DAPPM can be repre-
sented as Markov processes. The channel capacity of these modulation schemes over both
memoryless and multipath channels can be evaluated using the expectation-maximization
method described in [60]. Furthermore, the capacity over a noiseless channel is computed.
We also compare the channel capacity achievable with hard- and soft-decision decoding.

In the next sections, the algorithms to determine the capacity for Markov sources over
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noiseless and noisy channels are reviewed. Then, they are applied to calculate the chan-
nel capacity of L-PPM, L-DPPM and A x L-DAPPM. Finally, performance results are

presented and discussed.

3.2 Capacity of Markov Process

Denote the input channel sequence by b] = (by, bs, ..., b,) where by, is the input vector
signal chosen from a finite alphabet and state sequence which produces b] denoted by
87 = (s1,89,...,5,) where s, is chosen from a finite set of states S. Note that n(S) is
the number of states in the set S. The input sequence is defined as a Markov procesg. of
memory one if the current state s, depends only on the past state s;—; [61]. The Markov

process can be described by a state-transition matrix B where

1, for valid transition
By = 3.1)
0, for invalid transition

where valid transition means that there is a transition from state ¢ to j; otherwise, it is

defined as an invalid transition, and the transition probability matrix is P where
P;; = P(s|s') = Pr(s = j|sk—1 = 9) (3.2)

is the probability of a transition from previous state (s’ = s;_;) to current state (s = sy).

Let P(s) be the probability of being at state (s, = 7) with
P(s) =Pr(s; = i) = » _ P(s')P(s|s), (3.3)

and

Y P(s)=1. (3.4)

s
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3.2.1 Noiseless channels

It has been shown that the capacity of a Markov source over a noiseless channel can be

calculated from the state-transition matrix B [62], so that
C = 1085 Amar, (3.5)

where A, is the largest real eigenvalue of B. Alternatively, the capacity is the largest real

root of the characteristic equation of B.

3.2.2 Noisy channels

The channel capacity of a Markov source transmitted through a channel with memory, :g.,
an intersymbol interference channel with m taps, has been studied in [60, 63]. The state
transitions depend only on the previous channel state and the channel input. The mapping
between the transitions and inputs is one-to-one. Consequently, the channel capacity can
be expressed as

C = lim sup lI (b} : v]) = lim sup lI (s :77), (3.6)

=% p(by) T T p(s) T

where I (b] : 7]) is the mutual information rate between the input channel sequence b]
and the output channel sequence 77, and s7 is the trellis state sequence which produces b].
Since the beginning state sy does not affect the mutual information and P(s) depends on

P(s|s’), the capacity can be rewritten as [60]

1
C= lim =1 (87 :7] 3.7
g(]sf?g’() lim ~ (s : 71lso), (3.7

and the mutual information can be expressed as

o ZT 1
I (31 : 'I'llso) = - P(SI)P(Sl.S‘,) [log m + T(S,, S) s (38)
and oy
- ; L (s .slr"'l)
Ty Z Py(8, s|r]) PENPGEN
T(S ) s) - Tl—-]{]olo I: log Pi(s'[rT) ’ (3'9)

= B X
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which can be calculated using a modified BCJR algorithm [64] as follows.
First, define
ax(s) = Pr(sg = j|r¥), (3.10)

_ Pr(rlse =)

) = gD G

and

1(s'ss) = Pr(ri|sk = j, sk—1 =1) - Pr(sy = jlsx—1 = 9) (3.12)
= P(ri|s,s')P(s|s),

where P(7y|s, s') is the probability of received signal 7, when there is a transition from s’

to s. Since the transition is caused by the transmitted signal by,
P(ris,s’) = P(ri|by), (3.13)

which is the transition probability of the channel. Consequently, o (s) and 5i(s) can be

calculated recursively as
> s (s, 8)on—1(s")
= L8 3.14
) = 5, Daa(®) e
,l3k(8,) .. Es ’)’k(s,’ S).ﬁkﬁ-l (S) (315)

T e (s s)a(s)
Now, Pi(s'|r]) and P(s, s|r]) in (3.9) can be computed from

Pi(s'|r]) = Pr(sg—1 =1|r]) (3.16)

= ag_1(s') - Be-1(5"),

and
Pi(s',s|r]) = Pr(sp—1=1,s¢ = j|r]) (3.17)
ag-1(8") - (s, 8) - Br(s)
p(7x) 7
where

p(re) = Z Z’)’k(s'= s)P(s'). (3.18)
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After using the modified BCJR algorithm and calculating 7°(s’, s) in (3.9), the noisy
adjacency matrix A is computed as [60]

2T(s"s)  for valid transition
A(s,’ s) e (3.19)

0, for invalid transition.
Then, the channel capacity is given by C' = logy Amax Where A\pay is the maximum eigen-

value of matrix A.

3.3 Channel Model

According to the receiver shown in Fig. 2.4, besides the previous transmitted symbols, the
pulse-shape of the transmitted symbol is also affected by the next transmitted symbol. In
this chapter, we modify the receiver by using a whitened-matched filter [65] at the front-
end of the receiver as shown in Fig. 3.1. This filter consists of a matched filter 7(t) =
p(—t)®h(—t) followed by a sampler and a whitening filter w;, which whitens the noise and
also eliminates the anti-causal part of the ISI channel. Assuming perfect timing recovery,

the discrete-time impulse response is
P
i = FOlemir, = —Ep(t) © h(2) © p(—) & h(~D)]mir, (320)

with 2m — 1 taps and a maximum at f,. Hence, the equivalent discrete-time system

o= fe ®wy (3:21)

has only m taps, and the transmitted signal is corrupted only by the m — 1 past signals.
A method for determining the coefficients of a whitening filter w; was proposed in [65].
First, we define (D) = z9 + 21D + 2oD? + - - - . Since f(D) is a symmetric function and

has 2m — 1 nonzero terms, it has 2m — 2 roots. f(D) can be factored as

f(D)=W(D)W(D™), (3.22)
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whitened—matched filter

x(t)*h(t) { r(t) matched to >} whitening H;red/.S?ﬁ by
?_» e —= |-Decision —=
p(—t)*h(-t) filter (wk)

=kT, Decoder

n(t)
Figure 3.1. Block diagram of a receiver with whitened-matched filter.

where W (D) has m — 1 roots inside the unit circle and W (D) has m — 1 roots which
are the inverse-complex conjugate of the roots inside the unit circle. Hence, the whitening

filter coefficients wy, are the coefficients of (1/W(D™1)).

3.4 Capacity of Pulse-Position Modulation

The capacity of PPM has been widely investigated in the literature. It has been shown that

the channel capacity of PPM over a noiseless channel is [58, 59]

Cepm = log, L bits/symbol (3.23)

_ logy Ly sseciHz.

L

Next, we determine the capacity of PPM with hard- and soft-decision decoding when the
system is corrupted by noise and intersymbol interference.

If the PPM symbol is transmitted over a channel with hard-decision decoding, the PPM
symbol having an “on” chip at the same position as the largest element in the received
sequence is chosen. The transition probability for the channel is [58, 59]

l—pr, Te=0b;
P(ri|bx) = ; (3.24)

'LB_LT7 L 75 bk
where P is the probability of incorrect symbol detection. Then, the capacity of PPM with
hard-decision decoding is calculated as [58, 59]

logyL = (1—Py)
7 t— 1 |

CPPM =

ogo(1 — Pr) + % log, (%) bits/sec/Hz.  (3.25)
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The capacity of PPM with soft-decision decoding when the system is corrupted by noise
and intersymbol interference is determined by using Monte carlo integration in [57, 58, 59].
Nonetheless, we can exploit the expectation-maximization method described in Section
3.2.2 to calculate the capacity of PPM over a noisy channel as follows. Let b; be a PPM
symbol chosen from an orthogonal set

L chips

——N——
{100..-00,010...00,.....,000...01}. (3.26)
L symbols

The set of states S is assigned in order to store the memory of the channel with m taps.
If (m — 1) < L, the states are simply assigned as the input channel symbols as shown in
Fig. 3.2(a) and the number of states is equal to n(S) = L. Otherwise, the states denote all
possible [(m —1)/L] subsequent symbols as shown in Fig. 3.2(b). In addition, the number
of states is equal to n(S) = LI(m—1/L1,

The maximum mutual information rate in (3.6) is achieved if the probability of a PPM
symbol and the probability at state (s, = i) are uniform, i.e. P(b;) = 1/L and P(s) =
1/n(S). Consequently, the probability of a state-transition is determined as

—=—, for valid transition
P(s|s) = { "O* . (3.27)

0, for invalid transition

Furthermore, the probability transition of the discrete-input, continuous-output channel is

given as
[ L m—1 4
L \L 2ic | Ty — _Z:Ogjb(k,i)—j
j=
P(ri|by) = - 3.28
(ruto) = (=) e = . 6

where gy, is the discrete-time channel model described in (3.21) and ¢ is the variance of
the additive white Gaussian noise. Then, the channel capacity of PPM with soft-decision

decoding can be determined by using the algorithm for a noisy channel in Section 3.2.2.
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S, = (10,10)
s,=(10,01)

S,=(01,10)

s,=(01,01)

(b)

Figure 3.2. Trellis diagrams for 2-PPM over a dispersive channel with (@) 0 < m < 3
taps and (b) 4 < m < 5 taps. The dashed and solid lines represent transitions between two
states forced by by = {01} and {10}, respectively.
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Figure 3.3. State diagram of A x L-DAPPM, the dashed, solid and dotted lines represent

transitions between two states forced by by = 0, 1 and A, respectively.

3.5 Capacity of Differential Amplitude Pulse-Position Mod-
ulation

First, we consider the channel capacity of DAPPM over a noiseless channel. Because the
number of consecutive zeros is constrained, DAPPM is a Markov process of memory one.
Consequently, DAPPM can be represented by the state diagram shown in Fig. 3.3. The
transition to state sy, So, . . ., S4 corresponding to the current channel inputb, =1,2,... A
is shown. s441,...,544+7-1 denotes that there are 1,..., L — 1 consecutive zeros imme-
diately after the “on” chip. Hence, the number of states is n(S) = A + L — 1. Note that
L-DPPM is equivalent to 1 x L-DAPPM. From the state diagram, the state-transition matrix

can be written as

Cax(-1)
B= | O , (3.29)

D_1yx(-1)



where O4+7-1)x4 is an (A + L — 1) x A matrix of ones

3\

1 0 0 . 0
100 ...0
Caxi-1) = 5 A rows,
1 00 ... 0
L-1 ;glumns 4

and

Diyx@e-n=|: ¢ : . ¢ | pL—1rows.

000 ... 00

~ >

~~
L—1 columns J

Then, the characteristic equation of matrix B is

fX) =X —(A+1)XE+ A=0,
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(3.30)

(3.31)

(3.32)

and the capacity is the base-two logarithm of its largest real root. Fig. 3.4 shows the
capacity of PPM, DPPM and DAPPM over a noiseless channel as a function of L. As shown

by Kato and Zeger [66], the capacity of a (0, k) run-length code (in terms of storage), is

equivalent to the capacity of L-DPPM which from Fig. 3.4 is 1 bit/sec/Hz when L is large,

and the rate of convergence is (1log, ¢) /2“. We extend their work to find the capacity

limit of DAPPM when L is large. From the figure, this capacity converges to log,(A + 1),

ie.

Llim Cbarpm = logy(A + 1) bits/sec/Hz,
—00

(3.33)
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Figure 3.4. Capacity of PPM, DPPM, DAPPM as a function of L.

and the convergence rate is
Alogye

(A4 1)L+
The proof of (3.33) and (3.34) are given in Appendix A. As shown in Fig. 3.4, the capacity

(3.34)

converges to the limit faster when A is higher. Note that the capacity of PPM tends to be
zero when L is large.

Next, we examine the capacity of DPPM and DAPPM systems over a multipath disper-
sion channel with m taps. Because the DAPPM signal is a Markov process of memory one
and the channel has memory (m — 1), the set of states S is assigned in order to store the
channel memory and the symbol memory. Both DPPM and DAPPM schemes over a disper-
sive channel with m taps can be represented by a trellis diagram as shown in Fig. 3.5. This
represents the possible (m—1)-chip sequences preceding by, i.e. S, < (bg—ms1,- - bp—1)-

If (m —1) > (L — 1), the states must not contain any run of zeros exceeding L — 1. For
example, the 2 x 2-DAPPM trellis over a channel with 3 taps given in Fig. 3.5(a) does not
have state (0, 0), and there is no transition when the current state is S5 or Sg and by = 0.
Conversely, if (m — 1) < (L — 1), the number of states is n(S) = (A + 1) ! + L —m.
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S5=(2,2)
S¢=(2,0)

$7=(0,1)

Sg=(0,2)

(b)

Figure 3.5. Trellis diagrams for (a) 2 x 2-DAPPM and (b) 4-DPPM systems over a dis-
persive channel with three taps. The dashed, solid and dotted lines represent transitions

between two states forced by bi. = 0, 1 and 2, respectively.



40

The extra (L — m) states containing (m — 1) consecutive zeros are required to limit the
number of consecutive zeros so that there is no run of zeros exceeding (L — 1), which is
the constraint imposed by the DPPM and DAPPM sequences. For example, the 4-DPPM
trellis over a channel with 3 taps in Fig. 3.5(b) has state (0, 0). States S, and S; represent
runs of two and three zeros preceding the current channel input. Also, there is no transition
when the current state is S5 and b, = 0.

Although the DAPPM symbol is identically and independently distributed (i.i.d), each
DAPPM symbol has different number of chips and format. As a result, each chip in a
DAPPM symbol is not i.i.d. and the probabilities P(s|s”) which maximize the mutual
information is not uniform. These probabilities can be determined iteratively using.the
expectation-maximization method described in [60, 63] until the transition probabilities
converge. First, arbitrary P(s|s’) are selected according to the state transitions. The input
channel sequence is generated and transmitted through the channel under consideration.
Then, using the modified BCJR algorithm, 7°(s’, s) in (3.9) is calculated to determine the

noisy adjacency matrix A. The transition probabilities are updated as

psls) = 22 . Al9)

Vg
where Aj.x is the maximum eigenvalue of matrix A and v is the eigenvector corresponding

; (3.35)

8 /\ma.x

to the maximum eigenvalue. After convergence, the capacity is given by C = logs Apax.

Next, the transition probabilities are calculated for the discrete-input, discrete-output
channel. Since the input chips by are not equiprobable and depend on the transition proba-
bilities P(s|s’), the conditional probabilities P(r|by) are not symmetric.

Here, we consider the transition probabilities for DPPM over a channel with hard-
decision decoding. Suppose that the channel contains m taps. Let s; be an m-chip segment
randomly taken from a DPPM sequence, Pr(s;) be the probability of occurrence of segment
s;, and I(s;) be the receiver filter output (excluding noise) of the last chip of s;. The

probability of detecting “0” as “1” can be calculated as

P(ri|bx) =Pr(rp = 1|bp = ZPr 5;)@Q ( \9/—]_\7_%9]))) \ (3.36)
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when the last chip of the segment s; is “0”. On the other hand, the probability of detecting

“1,‘)

as “0” can be calculated as

P(rg|br) = Pr(ri, = 0|bp = 1) ZPr 5;)Q < \I/(]% ) 4 (3.37)

when the last chip of the segment s; is “1”.
If the receiver uses soft-decision decoding, the transition probabilities of the channel

arc

2no 202 g

m—1 2
1 ('rk — 2 gibk—i)
P(rils,s) = (—) exp | — = (3.38)

where g;. is the discrete-time channel model described in (3.21) and o2 is the variance of

the additive white Gaussian noise.

3.6 Performance Results

Figs. 3.6 through 3.8 show the channel capacity for PPM and DPPM with hard-decision
and soft-decision decoding when L = 2,4 and 8. Over an AWGN channel (D7 = 0.01),
the soft-output channel offers about a 2-dB advantage compared with hard-output channel.
Moreover, its performance is superior to hard-decision decoding when Dy is high, i.e.
approximately a 10-dB gain can be obtained.

The capacity of DPPM and DAPPM with soft-decision decoding over dispersive chan-
nels with Dy = 0.01 and 0.3 are compared with that of PPM in Figs. 3.9 through 3.13.
Note that the channel capacities of 2-PPM and 4-PPM converge to the same values when
the SNR is large. However, at low SNRs, the capacity of 4-PPM is higher than that of
2-PPM because 4-PPM has better power efficiency.

In Figs. 3.9 and 3.10, there is a cross-over point between DAPPM and DPPM at low
SNR. Although it has better bandwidth efficiency than DPPM, DAPPM achieves less ca-

pacity at low SNRs because it is more susceptible to corruption by noise. However, the
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Figure 3.6. Capacity of 2-PPM and 2-DPPM as a function of SNR over a dispersive chan-
nel with Dy = 0.01 and 0.3.
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Figure 3.7. Capacity of 4-PPM and 4-DPPM as a function of SNR over a dispersive chan-

nel with Dr = 0.01 and 0.3.



1.5 ) ! ! J J ' ' ) '.
- Hard—decision (D,=0.01) : ' :
—% Hard—decision (DT=0'3)
1.2} == SOﬁ_dec?s%on (DT:-O'OI) ....................................... =
’ —»— Soft—decision (D=0.3) ;
~ : : : : 8—-DPPM -
% -
§ 0.9
2]
:'E.
2
é 0.6
&
03F

SNR [dB]

Figure 3.8. Capacity of 8-PPM and 8-DPPM as a function of SNR over a dispersive chan-
nel with Dy = 0.01 and 0.3.
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cross-over point between DAPPM and DPPM occurs at low SNR when Dr is higher since
DAPPM is less sensitive to ISI.

At high SNRs, 4-DPPM can provide C' = 0.95 while 4-PPM gives only C' = 0.5, so
DPPM yields about twice the capacity of PPM. Considering PPM, DPPM and DAPPM
systems with L = 2, the capacity of 2-DPPM, 2 x 2-DAPPM and 4 x 2-DAPPM are
C =0.69, C = 1.45and C = 2.27, respectively, while 2-PPM yields only C' = 0.5 at high
SNR as shown in Fig. 3.11. Thus, the higher A is, the higher the channel capacity that can
be achieved. The channel capacities for modulation schemes with L = 4 and L = 8 are
similar to that for modulation schemes with L = 2 as shown in Figs. 3.12 and 3.13.

Considering the effect of multipath dispersion on capacity, 8-PPM over a channel with
Dr = 0.3 requires about 10 dB more SNR to yield the highest capacity compared with
when Dr = 0.01, while 8-DPPM requires only about 4 dB more as shown in Fig. 3.13.
The difference in SNR for 2-PPM, 2-DPPM, 2 x 2-DAPPM and 4 x 2-DAPPM to achieve
the highest capacity when Dy = 0.01 and Dy = 0.3 is 9.5, 4.5, 3 and 2 dB, respectively,
as shown in Fig. 3.11. The difference between the power required to achieve the highest
capacity in a DAPPM system over a channel with D7 = 0.01 and D7 = 0.3 decreases as A
increases. This is because DAPPM is more bandwidth efficient and suffers less from inter-
symbol interference than PPM. Therefore the capacity of PPM is more severely degraded
compared to that with DPPM and DAPPM over a dispersive channel with high Dr.

3.7 Conclusions

In this chapter, it was shown that L-DPPM and A x L-DAPPM systems over a dispersive
channel can be represented by a trellis diagram. The corresponding capacity was deter-
mined by exploiting a method for calculating the capacity of a Markov process channel.
The channel capacity of the modulation schemes was determined and compared with that of
L-PPM. Over a noiseless channel, the capacity of DAPPM converges to log,(A + 1), while
the capacity of PPM converges to zero when L is large. Over a noisy channel, DAPPM
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can provide greater capacity than PPM and DPPM. Performance results show that DAPPM
systems are more robust to multipath dispersion than PPM and DPPM systems because

DAPPM is more bandwidth efficient.
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Figure 3.9. Capacity of PPM and DPPM with L = 2,4,8 and 2 x 2-DAPPM and 4 x 2-
DAPPM in bits/sec/Hz as a function of SNR over a dispersive channel with D1 = 0.01.
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DAPPM in bits/sec/Hz as a function of SNR over a dispersive channel with D = 0.3.
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Chapter 4

Soft-Decision Decoding for Differential

Pulse-Position Modulation

4.1 Introduction

In Chapter 3, it was shown that soft-decision decoding requires much less transmit power
than hard-decision decoding, especially when the channel is susceptible to multipath dis-
persion. In a PPM system, maximum-likelihood sequence detection (MLSD) is the optimal
soft-decision decoding algorithm [67, 68]. MLSD in a PPM system requires waiting until
all the sampled outputs associated with the transmission of one PPM symbol have been
received. Then, the received symbol is decoded by choosing the symbol which has the
minimum distance from the received symbol. This is feasible for PPM modulation be-
cause PPM is isochronous, that is, each symbol is transmitted within a constant duration
of time. However, this technique cannot be applied to anisochronous modulation such as
DPPM, DAPPM and DH-PIM, in which the duration of a transmitted symbol varies, and
the receiver does not know the boundary of a symbol until an “on” chip is detected. Never-
theless, some soft-decision detection algorithms have been developed.

Shiu and Kahn [49] suggested that MLSD can be applied to DPPM by comparing the
received frame with all possible sequences. Their performance analysis shows that MLSD
can significantly improve the performance of DPPM when the channel is dispersive with

high Dr. However, this technique is not feasible because its complexity grows exponen-
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tially with the length of the frame.

Wang and Xu [69, 70] introduced soft-decision detection with less complexity and ap-
plied it to IDPPM (Improved Differential Pulse-Position Modulation) and DH-PIM. Their
idea utilizes the constraint of consecutive “on” chips in IDPPM and DH-PIM symbols. The
“off” chips following “on” chip are easily detected as “on” chips due to the multipath dis-
persion. Therefore at the receiver, if the number of detected consecutive “on” chips violates
the rule of IDPPM and DH-PIM symbols, it assumes that there are some “off”” chips which
were detected as “on” chips. Thus, the detector will select the chips with the maximum
amplitude among those chips to be “on” chip, while the rest are “off” chips. However,
error correction is quite limited because the algorithm can only correct errors which canse
an “off” chip to be detected as an “on” chip, while “on” chips detected as “off” chips re-
main uncorrected. As a result, although it is better than using hard-decision decoding, their
improvement is far from that obtained using MLSD.

In this chapter, we propose soft-decision techniques for DPPM which are less com-
plex than MLSD, but have performance close to that with MLSD. Since DPPM can be
represented by a trellis diagram as shown in Chapter 3, the maximum a posteriori (MAP)
algorithm and its simplification such as Max-Log-MAP and soft-output Viterbi algorithm
(SOVA) can be used. Note that these techniques require knowledge of the channel. In
addition, a low complexity soft-decision decoding algorithm which does not need channel
knowledge is introduced. Their performance is evaluated and compared with hard-decision

detection and MLSD. Also, their complexities are discussed and compared with MLSD.

4.2 Maximum Likelihood Sequence Detection (MLSD)

According to [49], MLSD selects the sequence which maximizes the conditional probabil-
ity
1 T L (Tk - bk)2
Pr(r]|b]) = | —— | ex —E — . 4.1
( 1 | l) < \/2_7F0') p [ 202 ( )

k=1
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In other words, the MLSD detector selects the sequence I;: among all possible sequences
which is closest in Euclidean distance to the received sequence 7], i.e. the sequence EI is
selected if ", || 7 — bx ||? is minimum. The performance of DPPM with MLSD over

nondispersive and dispersive channels is now analysed.

4.2.1 Performance over a nondispersive channel

MLSD selects the chip sequence 5; which has minimum-distance compared with the re-
ceived chip sequence r]. In a DPPM system, minimum-distance errors correspond to an
“on” chip deleted and placed elsewhere in the sequence, as long as there is no run of “off”
chips greater than L — 1 in the frame. Thus, the Hamming distance between the detected
sequence BI and the transmitted sequence b] is equal to two. In an F-bit frame, there are
(F'/log, L) “on” chips and approximately ((L — 1)/2)(F/log, L) “off” chips. Therefore
there are a total of ((L — 1)/2)(F/ log, L)? sequences that have Hamming distance two
from a given chip sequence. However, only half of the “on” chip movements do not result
in a run of “off” chips greater than L — 1. An upper bound on the DPPM frame error rate
over an AWGN channel at high SNRs is [49]

2
FER%(LZI)( FL) .Q| RP. (L_"—UIOLL) (42)

log, 4Ry Ny

4.2.2 Performance over a dispersive channel

We define an error event as € when the leading and ending entries of € are nonzero. We
define e, = b, — 13k as the input error sequence associated with an error event and e;, €
{-1,0,1}. For an error event, Y x €k must be zero in order to have the correct number of
received symbols. The frame error rate can be approximately upper bounded by
FER ~ Z Pr(&), (4.3)
ect
where Pr(€) is the probability of error event € and £ is the set of error events. In a DPPM

system, if e, = 1, then by = 0, and e, = —1 if b, = 1. Because each symbol is assigned to
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different waveforms with different numbers of “off” chips, the distribution of b, = 0 and

br. = 1 is not uniform. The probabilities of ¢, = —1 and e; = +1 can be calculated as

2L
Pr(ek = —1) = m, (44)
and
Pr(e = +1) = 1 — P_y). (4.5)

Thus, the probability of a particular error event € is given by

- {Hpr(ek 7&0):] .Q ( \/Z;. ejﬁ/f 9k |2) | (4.6)
k

where gy, is the equivalent discrete-time channel impulse response given in (3.21).

4.3 Optimal and Sub-Optimal Maximum a Posteriori (MAP)

Decoding Algorithms

4.3.1 The MAP algorithm

Unlike MLSD, a maximum a posteriori (MAP) detector selects the sequence l;: if it yields
the maximum a posteriori probability Pr(b]|r]) [71]. Assuming that the channel input by,
has an identical, independent distribution (iid),
Pr(bf|r]) = [ [ Pr(belr]). 4.7)
k=1
To select the sequence having the maximum of Pr(b]|r]) is equivalent to select the se-

quence that has the maximum of Pr(bi|r]) for each channel input, i.e.
max Pr(b]|r]) = [ [ maxPr(b|r]). (4.8)
k=1
Consequently, if by, is a binary signal, the detector chooses b, = 1 when Pr(b; = 1|77) >
Pr(b, = 0|r]); otherwise, it chooses b = 0. We define L(by) as the log-likelihood ratio
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Figure 4.1. Trellis diagrams for 2—DPPM systems over a dispersive channel with 3 taps.

The dashed and solid lines represent transitions between two states forced by by = 0 and
1, respectively.

(LLR) which can be calculated as

(4.9)

L) = I [Pf(’%_=1|"'_1)J _

Pr(be = 0|r])
Therefore the detector chooses by, = 1 if L(bx) > 0and b. = 0 otherwise. This algorithm
cannot be applied directly to DPPM since the channel input is not iid. Next, the MAP
algorithm is modified for use with DPPM.

DPPM over a noisy channel can be represented by a trellis diagram as shown in Fig.
4.1.If (m — 1) > (L — 1), the states must not contain any run of zeros exceeding (L — 1).

Therefore the number of states can be computed as
n(S) =a(m+ L +1), (4.10)

where a(j) is a function which can be determined as follows

0, 0<j<L-1
a(j) =41, j=L . (4.11)
Jj—1
> a(i), j>L
i=j—L

Conversely, if (m — 1) < (L — 1), besides the binary number of length (m — 1), the states
are represented as L — m states containing (m — 1) consecutive zeros. Accordingly, the
number of states is

n(S)=2"1+L—-m. (4.12)
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For the transition from past state s;_; = s’ to present state s, = s corresponding to
p p PO

channel input by, the log-likelihood can rewritten as

Pry,=1(5, s|r{)]

4.13
Pl‘bk=0(8,, S|7‘{) ( )

L(be) =In [

We use a modified BCJR method [64] to calculate the log-likelihood which is given by

Ebs’.al ak—l(sl)’Yk(s,! S)ﬁk(S)]

R {Z;/,, ak-1(8")1k(s', 8)B(s)

%=0

(4.14)

The definitions of a(s), Fx(s) and y,(s’, s) were given in Chapter 3. We assume that the

state sequence starts from the first state and must end at a state resulting from a transition

of b, = 1, as shown in Fig. 4.1. Therefore a(s) and 3. are initialized as -
ap(0) =1; ap(s) =0, Vs#0 (4.15)
and
,(s) = { T 7€ st (4.16)
0; otherwise

where n(Sp,—1) is the number of states in the set of states Sy, —; for which the transition
is forced by by = 1. In this chapter, we investigate the performance of MAP detection for
equiprobable DPPM symbols. Thus, P(s|s’), the probability of a transition from s’ to s, is
calculated as follows [72].

Given that X is a random variable describing the possible number of chips per symbol,
we have Pr(X = i) = 1/L wherei € {1,---, L}. Let j represent the number of consecu-
tive zeros preceding the instantaneous channel input by, in state s’. If the transition between

two states is forced by by = 1

Pr(X=j+1)

P(s|s")p=1 = (4.17)

j
1-> Pr(X =1)
=1
If the transition between two states is forced by by, = 0

P(s|s")b=0 = 1 — P(s|8")p=1- (4.18)
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Otherwise, P(s|s’) = 0.

After the L(by) are computed, the most likely positions of the “on™ chips can be deter-
mined from L(b;). The detector selects (F/(log, L)) positions which have the maximum
values of L(b;) and decides b =1 according to these positions; otherwise, br = 0. This
decision rule is referred to as MAP-I.

Alternatively, in the MAP-II detector, the detector decides b = 1if

Pr(bk s 1) . 2
and decides f)k = 0 otherwise. Note that
Pr(bk = ].)

Since each symbol is assigned to different waveforms with different numbers of “off” chips,
the probabilities of Pr(bx = 1) and Pr(b; = 0) can be calculated as

2 L 1

4.3.2 The Max-Log-MAP algorithm

We can reduce the LLR computation in the MAP algorithm by using the approximation

In (Z e””") ~ max(z;). (4.22)
The log-likelihood ratio in (4.13) can then be rewritten as

sz'.s ak-1(8")k(s', 5) Bk (5)
st'_s ak-1(8")Vk(8, 5) Bk (s)

L(be) =1n

=1In Zak 1(8") (s, 8)Bk(s) | —In Zak 1(s") (s, 5) Bk(s)

bk—l bk—D

~max[lnak 1(8") + Iny (s, 8) +1n Bi(s)] —max[lnoa~ 1(8") + Iny (s, 8) + In Bx(s)].
bk it bk—O

(4.23)
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We will apply this approximation in calculating the forward recursion, In(a(s)) and the
backward recursion, In(3;(s)) as follows.

In(ax(s)) = In Y _(s', 8) - ap-a(s)

(4.24)
~ mszllx(ln (s, 8) + Inag_1(s")),
and
In(Be—1( 1112 (8", ) - Br(s)
(4.25)
~ mgx(ln Yi(s', 8) + In Bk (s)).
From (3.13) and (3.38), In(~y,(¢’, s)) can be calculated as =
In(y(s',5)) = m(PT(Tklbk)P(S|S')) (4.26)

- m(%) ( Zg,bk ) +1In(P(s]s)),

where In ( ) is constant and can be omitted. Note that, In( P(s|s’)) cannot be expressed

in term of L(by).

4.3.3 The soft-output Viterbi algorithm (SOVA)

Basically, the Viterbi algorithm performs maximum likelihood decoding by selecting a path
which yields a minimum distance between the received sequence and the trellis path. The
chosen path is called the survivor. Hagenauer and Hoeher [73] presented a modified Viterbi
algorithm for iterative decoding, the so-called Soft-In/Soft-Out Viterbi Algorithm (SOVA).
The maximum likelihood path can be decided by choosing the largest probability

p(st®, 78) = p(s8 709, A1) - p(s®, @), (4.27)
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where s’f(i) denotes the i-th-state sequence for each state s and each time k. The path metric
of the ith path at time & is defined as

Mi(s®) £ Inp(s®, r¥)
= Inp(s{ ™V, #571) + Inp(s?, 7| ®) (4.28)
= M—1(5"?) + Iny(s'?, s9),

where s is the state of path i at time k and s’ is the state of path 7 at time k — 1. My(s)
is initialized as

My(s) =0; ap(s)=0, Vs#0. (4.29)
Since there are several paths to reach a state s at time k, the path with the higher metric is

selected as the survivor, so that
M, (s) = max(M_1(s'?) + Iny(s'@, s@)). (4.30)

The receiver selects the maximum likelihood path at the end of the frame by choosing the
path with highest M(s) and s € Sp, ;.

4.3.4 Simulation results

Figs. 4.2 and 4.3 present the frame error rate for MAP-I, Max-Log-MAP, SOVA, hard-
decision decoding, and the upper bound for MLSD. It can be seen that over an AWGN
channel, the performance of the MAP and Max-Log-MAP detectors are almost identical
and they offer a 2dB gain relative to hard-decision decoding. While SOVA is inferior
to MAP and Max-Log-MAP, it requires 0.5 dB less transmit power than a hard detector.
When the channel is dispersive with high D, MAP, Max-Log-MAP and SOVA outperform
a hard-decision detector by about 12 dB and 16 dB for 4-DPPM and 16-DPPM systems, at
a FER of = 107, It is also shown that their performance is very close to the MLSD upper
bound.

Fig. 4.4 compares the performance of 4-DPPM with MAP-I and MAP-II detectors.
The decisions with the MAP-II detector are based on the assumption that the chips by, are
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Figure 4.2. Performance comparison of different decoding algorithms in 4-DPPM system
on a dispersive channel (a) Dy = 0.01 and (b) D7 = 0.3.



62

FER

FER

(b)

Figure 4.3. Performance comparison of different decoding algorithms in 16-DPPM sys-
tem on a dispersive channel (a) Dt = 0.01 and (b) D7 = 0.2.
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Figure 4.4. Performance comparison of MAP-I and MAP-II detectors in a 4-DPPM system

on a dispersive channel.
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Figure 4.5. Performance comparison of MAP-I detector with perfect and mismatched
channel estimation (set the impulse response as g, = (1)) in a 4- and 16-DPPM system

on a dispersive channel.
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independent, which causes the MAP-II detector performance to be worse. The degradation
relative to the MAP-I detector is about 1.5 dB when Dt = 0.01 and about 1 dB when
Dr =0.3.

Fig. 4.5 shows the effect of channel estimation on a DPPM system with a MAP-I de-
tector. For the worst case, there is no channel estimation and the discrete-impulse response
is always set as g, = [1]. The performance of MAP is much degraded as it can achieve
only 4 dB gain and 5.5 dB gain for 4-DPPM and 16-DPPM over a dispersive channel with
high Dr. In other words, the performance is degraded about 10 dB compared with a MAP

detector with perfect channel knowledge.

4.4 Sub-optimal Soft-Decision Decoding

It is shown that the optimal and sub-optimal MAP decoding algorithms significantly im-
prove DPPM performance. However, their performance depends on knowledge of the
channel and their complexity increases when Dz is high. In this section, we propose a
soft-decision decoding which has complexity much lower than that of MLSD and MAP
algorithms.

Although the advantage of using variable-length symbols is that the receiver does not
need symbol synchronization, a single-chip error not only affects the corresponding symbol

but also subsequent symbols and it causes insertion and deletion errors [74] as follows.

e Insertion error:
As we use the “on” chip to indicate the end of a symbol, if a transmitted “off” chip
is received as an “on” chip, this causes an additional symbol to be inserted and the
next symbol to be demodulated in error. As a result, there is an extra symbol at the

receiver, as shown in Fig. 4.6(b).

e Deletion error:
If the noise causes a transmitted “on” chip to be received as an “off” chip, the symbol

associated with the error chip is deleted and the following symbol is demodulated
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a) No error

Imilini

b) Insertion error

110N

Undetected error:
Symbol inserted

¢) Deletion error

10011

Undetected error: Detected error (4>3)
Symbol deleted

Figure 4.6. Types of DPPM errors when L = 4: (a) No error, (b) Insertion error and (c)

Deletion error.

incorrectly. Note that if error chips cause a run of “off” chips longer than L — 1,
the error is detected; otherwise, it is not detected. Therefore the number of received

symbols is less than the number of transmitted symbols, as shown in Fig. 4.6(c).

Hence, these errors cause the number of demodulated symbols to differ from the number

of transmitted symbols and a substitution error occurs after an insertion/deletion error.
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4.4.1 The soft-decision decoding algorithm

First, we use hard decoding to verify if a received chip 7 is an “on” or “off” chip according

to

- 0, iﬁ“rk <#
- . (4.31)

1, iffr, >0
When errors are detected, i.e. groups of more than L — 1 consecutive “off” chips occur, the
soft decoding algorithm selects the positions corresponding to the “off” chips with max-
imum values of 7, and flips these “off” chips to be “on™ chips. The number of flipped
chips is calculated from |n.q/L |, which is the minimum possible number of symbols ac-
cording to the number of consecutive “off” chips, n. so that there is no run of “off” c;jps
exceeding L — 1.

We assume that the frame synchronizaiton is perfect. After the entire frame is received
and the detected errors are corrected, the detector will determine the number of received
“on” chips, 7,,, which defines the total number of received symbols. If n,, does not equal
(F/logy L), there are still undetected insertion and deletion errors. These errors can be

detected using the following steps.

e To correct insertion errors:
If ngy > (F/log, L), there are inserted symbols which need to be corrected. In
another words, we need to find [ny, — (F/ log, L)| “off” chips which were received as
“on” chips. The position of a possible “off™ chip error is determined from the position
of a received “on” chip which has the minimum value of r; among all received “on”

chips. Then, the “on” chip is flipped to be an “off” chip. However, the position needs
to be such that it will not create a run of “off” chips longer than L — 1.

e To correct deletion errors:
If non < (F/log, L), there are deleted symbols which need to be corrected. In
another words, we need to find [(F/log, L) — ne,| “on” chip positions which were

detected as “off” chips. The position of a possible “on” chip error is determined from
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the position of a received “off” chip which has the maximum value of r; among all

received “off” chips. Then, the “off” chip is flipped to be an “on” chip.

In the soft-decision decoding algorithm, instead of comparing all possible sequences
(= L¥/1°82L) sequences) having the same number of chips as the transmitted sequence, we
can reduce the complexity by assuming that most of the chips are received correctly. This
assumption is valid for high SNRs.

Now, we consider insertion-error correction. Assuming that there are no detected errors
and there is one extra detected “on” chip, i.e. n,, — (F/logy L) = 1, we need to find the
position of an “off” chip which was received as an “on” chip. Given that b]" and b]"” are
the possible sequences and the Hamming distance between these sequences is two, IA)I(I)"has
one “off” chip located at the position of the received “on” chip having the minimum value of
ry among all detected “on” chips, while IA)I@) has one “on” chip located at this position and
one “off”” chip located elsewhere. Therefore (Zk | 6 — ”2) < (ZA | 82 — i ||2),
and MLSD would select lAﬁ(l) since it yields the minimum Euclidean distance compared
with the received sequence. Considering the proposed algorithm, the chip error is assigned
to the position with a minimum value of r; among all “on” chips. Thus, soft decoding also

selects Z){m (same as with MLSD). The discussion is the same for deletion-error correction.

4.4.2 Simulation results

Fig. 4.7 shows the performance of soft-decision decoding compared with hard-decision
decoding over an AWGN channel. This shows that the power required with soft decoding
is less than that for hard decoding by about 2 dB. In addition, the upper bound from (5.20)
is a good approximation at high SNRs, i.e. the proposed soft decoding performance is the
same as with MLSD.

Figs. 4.8 through 4.11 present the frame error rate with soft-decision decoding com-
pared with hard-decision decoding for a DPPM system with L = 2,4,8 and 16 over a

dispersive channel with different values of Dr. The soft-decision system needs to transmit
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Figure 4.7. Frame error rate with hard-decision and soft-decision decoding for a DPPM

system with L = 2,4, 8 and 16 on a nondispersive channel.
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Figure 4.8. Frame error rate with hard-decision and soft-decision decoding for a 2-DPPM
system on a dispersive channel with D = 0.01, 0.05, 0.1 and 0.3.
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Figure 4.9. Frame error rate with hard-decision and soft-decision decoding for a 4-DPPM
system on a dispersive channel with Dt = 0.01,0.05, 0.1 and 0.3.
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Figure 4.10. Frame error rate with hard-decision and soft-decision decoding for a §-

DPPM system on a dispersive channel with D7 = 0.01,0.05, 0.1 and 0.3.
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Figure 4.11. Frame error rate with hard-decision and soft-decision decoding for a 16-

DPPM system on a dispersive channel with D = 0.01,0.05,0.1 and 0.2.
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Figure 4.12. Average optical-power required to transmit a 1-kB frame with a 10~° frame-
error rate for DPPM systems with L = 2,4,8 and 16. The solid lines represent the per-
formance with hard-decision decoding. The dashed and dotted lines represent the upper
bounds with soft-decision decoding on dispersive and nondispersive channels, respectively.
The reference level (0 dB) is the optical power required for OOK on a nondispersive chan-

nel.
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much less power than the hard-decision system when D1 is high, especially when L = 2.

Fig. 4.12 presents the optical power penalty for hard-decision and soft-decision decod-
ing in DPPM systems according to Dr. Moreover, it also compares the performance of
MLSD from (5.20) and (5.21) with the proposed algorithm. This shows that soft decoding
has performance very close to that with MLSD when Dy < 0.1. However, the power re-
quirements for MLSD are less than for soft-decision decoding when D7 > 0.1 (especially
when L is high), because the algorithm efficiency still depends on the threshold decision
and correcting detected errors in the first step of the algorithm.

4.5 Complexity and Performance Comparisons B
In this section, a comparison of the complexity and performance for all soft-decision decod-
ing algorithms described above is given. The complexity is evaluated by the (approximate)
required number of operations to decode one received frame.

Since MLSD needs to compare the received sequence with all possible sequence and
select the most likely sequence which has minimum Euclidean distance from the received
sequence, it requires L(F/1°82L) comparisons and each comparison requires 7 multiplica-
tions and 27 — 1 additions, where 7 is the chip length per frame.

Next, we consider the proposed soft-decision algorithm. First, 7 comparisons according
to (4.31) are needed. Because of the multipath dispersion, “off” chips tend to be detected
as “on” chips, so we assume that there are no detected errors. Then, the detector requires
7 additions to determine the number of undetected insertion and deletion errors € = |nq, —
F/log, L|. To find the most likely chip error positions, the receiver needs approximately
(e7) comparisons. As a result, the complexity of this algorithm is not exponential in the
frame length, and so is much less than with MLSD.

According to the MAP algorithms, the complexity depends on the number of states
n(S) in (4.10) and (4.12). Note that the complexity of the MAP algorithm significantly in-

creases when the channel is more affected by intersymbol interference, while the complex-
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Table 4.1. Complexity of soft-decision decoding for DPPM systems.

Operation Additions | Multiplications Comparisons
MLSDf 27 —1 T [(F/logy L)
MAP 8rn(S) 12mn(S) ﬁ ('r - %ﬂ)
Max-Log-MAP || 107n(S) 8mn(S) + ﬁ (T — E‘g};_L)
SOVA 6mn(S) n(S)(21 + 1)
Proposed T T(e+1) B

T Note that, only for MLSD, the number of additions and multiplications is calculated for

each comparison.

ity of MLSD and the proposed algorithm is independent of the channel. The complexity of
all algorithms is summarized in Table 4.1.

In Table 4.2, we compare the performance of all soft-decision algorithms by considering
the achieved gain relative to hard-decision decoding at FER=10"*. Over a channel with low
D, the proposed algorithm yields the same performance as the MAP detector and is better
than SOVA. Moreover, its complexity is much less than that of the MAP detector. The
proposed algorithm performs worse than the MAP algorithm when channel has intersymbol
interference. However, it can achieve more gain than the MAP algorithm when the channel

impulse response is unknown at the receiver.

4.6 Conclusions

A DPPM system over an intersymbol interference channel can be represented by a trellis

diagram. Thus, the MAP, Max-Log-MAP and SOVA algorithms can be used to combat
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Table 4.2. The achieved gain [dB] for MAP, Max-Log-MAP, SOVA with perfect channel

knowledge, MAP with g, = (1], and the proposed algorithm over a dispersive channel.

system 4-DPPM 16-DPPM
Dr 001 03 |0.01| 02
MAP 2 12 2 | 165

Max-Log-MAP 2 1175 2 | 165

SOVA 04 [ 115 | 05 | 14

MAP withg, =[1] | 2 | 4 | 2 |55

proposed 2 5 2 6.5

ISI. First, MAP detectors with two different decision rules were presented. Then, Max-
Log-MAP and SOVA were adapted to improve the performance of a DPPM system. Their
error performance was compared with that with a hard-decision detector and MLSD. It
was shown that excellent performance can be obtained which is superior to that with hard-
decision decoding, and close to that with MLSD. Over a low dispersive channel, the MAP-
I and Max-Log-MAP detectors require approximately 2 dB less transmit power than a
hard detector, while the MAP-II and SOVA detectors require almost the same power as
a hard detector. However, those detectors provide superb performance in high dispersive
channels, i.e. the power requirement is about 10 dB less than with a hard-decision detector.
In addition, the performance of MAP algorithms is degraded when the channel impulse
response is unknown at the receiver.

Next, we proposed a novel soft decoding algorithm for a DPPM system over opti-
cal wireless communications. Its performance was evaluated on both nondispersive and

dispersive channels and compared with MLSD and hard decoding. When the channel is
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nondispersive or dispersive with low Dr, performance is similar to that with MLSD. In
addition, soft decoding requires approximately 2 dB less power than hard decoding. The
soft decoding performance is also better than hard decoding when the channel is dispersive
with high D, although it requires more transmit power than MLSD. The performance of
the proposed algorithm is independent of knowledge of the channel.

Finally, we compared the complexity of the soft-decision algorithms. It was shown
that they can achieve superb performance (almost the same as MLSD) with much lower

complexity.
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Chapter 5

Forward Error-Control Coding for

Differential Pulse-Position Modulation

5.1 Introduction

Forward error-control coding has been used to increase the power efficiency of optical
wireless system modulation schemes such as PPM, MPPM and OPPM. In [74, 75], a Reed-
Solomon (RS) code was used with PPM modulation and it was shown that the power re-
quired is significantly decreased. Takahashi ez al. [76] studied the improvement when
using an RS code in an MPPM system. The RS coded MPPM system yields a higher
power efficiency of more than twice that of RS coded PPM. Convolutional codes have also
been applied in OOK and PPM systems and the performance of trellis coded OPPM was
examined in [43, 75]. Furthermore, the effect of imperfect chip synchronization on MPPM
systems with an RS code and a convolutional code were investigated by Sato ef al. [77].
Although coded MPPM performs better than an uncoded system at the same bit rate when
timing offset is small, its performance becomes worse when the timing offset is large. In
[78, 79], Yamamoto and Ohtsuki employed turbo coding in an optical wireless system with
binary PPM (BPPM) to yield better performance.

Nevertheless, techniques which can correct errors in PPM, MPPM and OPPM systems
cannot be applied directly to anisochornous modulation schemes like DPPM, DAPPM and
DH-PIM,, systems due to the variable-length symbols which lead to insertion and deletion
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Table 5.1. Insertion/deletion errors in a 4-DPPM system.

Transmitted bits 01 00 10 01 11 00 01 00

Transmitted symbols (1 0 2 1 3 0 1 0

Transmitted chips 01 1 001 01 0001 1 01 1

Received chips 00 1 001 01 0011 1 00 1

Received symbols . 2 2 1 20 0 . 2

T Note that one symbol is deleted and followed by a substitution error.

* Note that one symbol is inserted and followed by a substitution error.

errors. Such errors cause the number of received symbols to differ from the number of
transmitted symbols. An example of the occurrence of insertion and deletion errors in a
4-DPPM system is given in Table 5.1.

The error-control coding techniques which can correct insertion and deletion errors
have been studied for decades. Note that insertion and deletion errors are sometimes re-
ferred to as synchronization errors. Such errors were first considered by Golomb ef a/. in
1958 [80]. He introduced block codes, the so called comma-free codes, having the property
that the correct block which is next to a synchronization error can always be resynchro-
nized. The codewords in a comma-free dictionary must follow the rule that overlaps of
any pair of codewords cannot be a codeword. The construction of comma-free codes was
presented in [81]. Scholtz adapted the condition on comma-free codes so that the codeword
length can be variable and a code construction algorithm was also given in [82]. Although
synchronization can be resumed, the error cannot be corrected and the decoder requires a
look-up table.

In 1962, Sellers [83] proposed an error-control coding technique capable of correcting
bit insertions or deletions by inserting a special character at fixed periodic intervals into the

transmitted message and combining this with a burst-error-correcting code. These codes
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can correct single deletion errors or insertion errors, and also substitution errors if no syn-
chronization error occurs in the word. No bounds or simulation results have been obtained,
so its efficiency is unknown.

Properties of binary block codes capable of correcting deletions, insertions and sub-
stitutions were first presented by Levenshtein in 1966 [84]. The Levenshtein distance
between two codewords is defined as the minimal number of deletions and insertions in
order to change one codeword into the other. Therefore these codes can correct up to s
deletions and insertions if the Levenshtein distance between two codewords is greater than
2s. The Levenshtein code construction which can correct a single insertion/deletion error
was also presented. Levenshtein’s works was expanded to correcting synchronizationand
substitution errors in consecutive words under the condition that both substitution and syn-
chronization errors do not occur in the same word in [85, 86]. Helberg et al. [87] extended
the Levenshtein theory and constructed codes which can correct multiple random insertion
and deletion errors. However, the codes are in a nonsystematic form; therefore it is not easy
to apply these to the real system. Ullman suggested inserting the synchronization sequence
“011” before and after a codeword in order to correct errors that can be determined from
the synchronization sequence [88]. Thus, a single synchronization error can be corrected
and there is no need for table look-up. A systematic block code with fewer parity bits than
the above codes, and its encoder and decoder, were presented in [89]. These codes can
correct single synchronization errors. While most of the literature has focused on binary
codes, Tenengolts proposed non-binary codes with a systematic form which are capable of
correcting a single deletion or insertion [90].

Some concatenated codes have been suggested in the literature. An array code com-
prised of comma-free codes, which can be used for resynchronization, and Reed-Muller
codes, which can correct random errors, was introduced in [91]. Thus, this array code is
able to correct bursts of insertions, deletions and substitutions, however; its code rate is
low. Another concatenated code combining watermark codes and low-density parity-check

(LDPC) codes over non-binary fields was presented in [92]. In addition, convolutional
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coding was modified to be used in a channel with insertions and deletions. In [93], new
states corresponding to the insertions or deletions were added in the trellis diagram of the
decoder while the encoder was unchanged. Both the encoder and decoder were adjusted in
[94]. However, the ability to correct errors is limited to only insertions or deletions.

Previous work has resulted in complicated codes and offer low code rates. Hence, the
objective of this chapter is to determine a concatenated code with low complexity and a
high code rate to correct insertion and deletion errors that occur in DPPM systems and also
to combat ISI.

A marker code is used as the inner code to locate the insertions and/or deletions. Its
vicinity including the errors will be erased from the received sequence. Because Reed-
Solomon code is capable of correcting erasures, we select an (n, k) Reed-Solomon code
as the outer code to correct burst errors and erasures which result from the insertion and
deletion errors. Examples are considered for both nondispersive and dispersive channels. In
addition, the performance of hard-decision and soft-decision decoding of the coded DPPM

system is evaluated based on both analytical and simulation results.

5.2 Concatenated Coding for DPPM Systems

The concatenated code system is shown in Fig. 5.1. From a binary data source, kg bits enter
the RS encoder as k Q-ary symbols (@ = 27). The encoder adds n — k parity symbols to
obtain an n symbol codeword. These symbols are then transformed to L-ary symbols. One
Q-ary symbol consists of approximately m L-ary symbols and may be a noninteger, i.e.
m = log, Q/log, L = gq/M. Thus, the n (-ary symbols are transformed to nm L-ary
symbols. A block of M = log, L bits is mapped to one of L distinct waveforms according
to DPPM coding rules. Then, markers are inserted every  L-ary symbols, i.e. the markers
are inserted after every 0 “on” chips. The marker is assigned to be different from the DPPM
waveforms. It is comprised of L “off” chips followed by an “on” chip so that its total chip
length is L + 1. Note that the chip duration of a marker is also equal to that of a DPPM
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Figure 5.1. Block diagram of a DPPM system with concatenated coding.



symbol. Thus, the bandwidth of the coded DPPM system is

(L+1)(1+ (0.56 + 1)N;) Ry

= 51
W 5 (5.1
where
N, == (5.2)

is the number of intervals in a codeword. Thus, the code rate of the concatenated marker

and (n, k) RS code is
R= kg
 2M(1+(0.50 + 1)N;)

The chip sequence with markers ¢] will be transmitted using a rectangular pulse shape p(t)

(5.3)

with peak power
(L +1)(0.5nm + N; — 1) P,
= 5.4
Fe nm+ N; — 1 ' =

where P, is the average transmit power.

At the receiver, the received signal is passed through a receive filter 7(t) = p(—t)
and a detector. Then, the receiver attempts to locate the markers and delete them from
the received chips, and transforms the remaining chips into L-ary symbols. Next, these
symbols are formed into ()-ary symbols. The transmitted data is then obtained by decoding
the received @-ary symbols according to an RS decoding algorithm. Note that the RS
decoding is hard-decision decoding.

Given an RS symbol size of ¢ = 8 bits and uncoded message length & = 233 symbols,
the RS codeword length is n = 29 — 1 = 255 symbols and the minimum distance is
dmin = 7 — k + 1 = 33. As a result, the code can correct up to t = |(dmin — 1)/2] =
|(n —k)/2] = 16 symbol errors. In addition, up to e errors and s erasures can be corrected
where 2e + s = n — k = 32. This means that with erasures-only correction, 32 errors
can be corrected if the error locations are known. The implemented RS code has generator
polynomial g(z) = 28 + 2* + 23 + 22 + 1. We assign one codeword per frame and assume

that the frame synchronization is perfect.
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5.3 Hard-Decision Decoding Algorithms

First, we consider a receiver with hard decision decoding. At the receiver, the marker
locations must be determined correctly so that the Reed-Solomon decoder can correct errors
and/or erasures efficiently. Note that the Berlekamp-Massey algorithm is used to decode

the Reed-Solomon code. Two decoding algorithms are presented below.

53.1 Algorithm I

Step 1: At the receiver, the filter output r; is compared to the detection threshold & to

estimate the transmitted chips c;, =

0, iff r, < 6
e . (5.5)

1, iffr, > 46

Step 2: The marker locations are determined by searching the detected sequence ¢; for
possible markers. Two possible marker locations are selected if there are § DPPM
symbols and the interval between these markers does not contain more than L — 1
consecutive “off” chips. Hence, we assume that those markers and symbols are re-
ceived correctly and it is defined as a valid interval. Otherwise, the received symbols
between the selected markers are erased. Below is an example of how to locate the
markers in a 4-DPPM system with 0 = 12. The receiver attempts to determine the
markers by searching for “00001”. The interval between the possible markers in the
first case is a valid interval because there is no run of “off” chips greater than 3 and
the number of symbols is 12. In the second case, there is a run of 6 “off” chips and
the number of symbols is only 10. Thus, this interval is defined as an erasure.

case 1:
. 00001 91001000101199111001011001 00001
marker valid interval marker
case 2:

. 00001 01001000 01011001 00001

marker erasure marker
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If the number of unerased symbols is less than km, there is not enough information
for the RS decoder to correct the errors. The algorithm then stops and the frame is

declared in error.

Step 3: After the markers have been recovered, the number of erased symbols 7., within
the invalid intervals is determined. This step is important because although the lo-
cation of the markers selected in the previous step is correct, if 7., is determined
incorrectly, the followed symbols will be shifted and the RS decoder cannot correct
the erasures. In this step, the number of erased symbols 7. is determined from the
number of chips n, within those intervals. For a given number of chips n., n.s can

take on many values. All possible numbers of symbols will be assigned as —

ez = J0 (5.6)

0+ —-1)(L+1)<n.<joL+(j—1)(L+1) (5.7)

because the invalid interval may have a multiple of 6 DPPM symbols and markers
instead of containing only § DPPM symbols. For example, in a 4-DPPM system with
0 = 12, if the number of chips is n. = 40, the invalid interval may contain only 12
DPPM symbols or 24 DPPM symbols plus a marker. Hence, the number of erased
symbols within the interval can be possibly 12 or 24. Hence, there might be more
than one potential transmitted sequence. Then we obtain the possible chip sequences

IAJI(I), 0 <1 < N; where N is the number of possible chip sequences.

Step 4: The possible sequences IA)I(I) which have the sum of the number of symbols from
valid intervals and the number of erased symbols assigned from the third step not
equal to nm are discarded. For those sequences 6:(1) which generate nm L-ary sym-
bols, the location of the erased DPPM symbols is determined. Then, the DPPM
symbols are transformed into RS symbols and RS decoding is performed. Let C¥

be the decoded codeword from lA)I(l)
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Step 5: To select which sequence is the most likely transmitted sequence, we modify the
algorithm presented in [95]. The decoded RS codewords C'!) are transformed back
to chip sequences with markers &] . Then, we determine the distance between &
and the received signal . as

PV =& — i) (5.8)

k

and the correct codeword is chosen as the C'¥) for which p{") is a minimum.

In summary, the decoder attempts to determine the positions of the markers and deletes
them from the received chip sequence. Then, the remaining errors and/or erasures for
each potential sequence are corrected by the RS decoder. Finally, the receiver chooses the
decoded codeword C¥) which gives the minimum p to obtain the best estimate of the

transmitted kq bits of data.

5.3.2 Algorithm II

We can reduce the complexity of Algorithm I by modifying the condition to determine 7.,
in the third step. Rather than assigning all possible numbers of symbols to n ., the detector
choose the most likely number of symbols n.;. Consequently, the number of possible chip
sequences is just one, i.e. Ny = 1. The third step of Algorithm I is changed as follows:

Step 3: For a given number of chips n, and number of “on” chips 7., between those

selected markers from the second step, n.s = j if
ne<joL+(j—1)(L+1)andneg <jo+(j—1)+ 7, (5.9)

where 0 < ¥ < 4. Then we obtain one possible chip sequence 6: If this sequence
generates nm L-ary symbols, the algorithm continues to the fourth step; otherwise,
it stops and the frame is declared in error.

Note that in this case the decoded codeword from the fourth step is presumed to be the
transmitted codeword and the fifth step is discarded.
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5.4 Analysis and Simulation Results for a Hard-Decision

Coded DPPM System

A single-chip error corrupts the symbol associated with that chip and also shifts the follow-
ing symbols. According to the decoding algorithm, if any received chips are in error, the
interval associated with those chips is in error and the decoder will erase the corresponding
[0/m] Q-ary symbols.

We assume that all of the error intervals can be detected and erased. Since the RS code

can correct up to n — k erased symbols, the concatenated code can correct

n—=k it
T=|—— (5.10)
[f(5/ m)] J
erasure intervals, so the FER can be determined as
T
FER=1-)_ P(i,) (5.11)
is=0

where P(i,) is the probability of erasure intervals i . This depends on the interval error rate
P, =1— (1 — P,)05(L+1) (5.12)

and the marker error rate

Ppe=1—(1 — P)"*V (5.13)

where P, is the chip error rate. The chip error rate over a nondispersive channel for DPPM
is given by [49]
Pee=Q [(—2%%)] . (5.14)
where r is the photodetector responsivity.
When the channel is dispersive, the received chip is affected not only by noise, but
also previous and subsequent chips. Let s; be an m-chip segment randomly taken from a

DPPM sequence, p(s;) be the probability of occurrence of s;, and I(s;) the receiver filter
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output (excluding noise) of the next-to-last chip of s;. The chip error rate over a dispersive

channel can be calculated as [49]
Pe=_ p(s;)e(sy), (5.15)
J
where €(s;) is the error probability of the next-to-last chip of s; and
B Q (Mﬂﬁ) , if the next-to-last chip is an “off” chip.

e(s;) = VW (5.16)

Q (%\/’11;—%) , otherwise.

Figs. 5.2 through 5.5 compare the performance of uncoded and coded DPPM systems
using Algorithm I over a nondispersive channel as a function of SNR. The coded sygi'em
performs better than the uncoded system, e.g., the coding gain is approximately 4 dB when
the code rate is approximately 0.7 for a DPPM system with L > 2. We also show the
frame error rate when all markers are located correctly (RS-perfect M), and when only
some markers are located correctly (RS-M), via both analytic and simulation results. For
large L, the performance of RS-perfect M and RS-M is much different than for low L. The
reason is that when L is high, the marker length is also high which increases the probability
of a marker error. When the code rate is low, i.e. the markers are inserted more frequently,
the RS-M analytic performance differs from the simulation results. The reason is that when
the number of L-ary symbols within an interval is low, the selected markers from the second
step are located incorrectly more often. Thus, the performance of coded DPPM system can
be improved by decreasing the code rate. However, the coded DPPM system with further
low code rate can experience an error floor at high SNR. In an 8-DPPM system, the analysis
and simulation results differ because m, the number of L-ary symbols per Q-ary symbol, is
a noninteger. This result is confirmed by using ¢ = 6 instead of ¢ = 8 bits per RS symbol.
In Fig. 5.6, the analysis and simulation results yield the same performance because m is an
integer.

Fig. 5.7 presents the performance of coded 4-ary DPPM systems with different code

rates when using Algorithm I and Algorithm II and only some markers are located correctly
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Figure 5.3. Frame error rate of uncoded and coded 4-DPPM systems using Algorithm I

over a nondispersive channel.
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Normalized Optical Power Requirement (dB)

Delay Spread/Bit Duration

Figure 5.8. Average optical-power requirements to transmit a kq-bits packet at 107°
[frame-error rate using coded 4- and 16-DPPM with different code rates compared to un-
coded. The reference level (0 dB) is the optical power required for kq-bits with OOK

modulation on a nondispersive channel.
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(RS-M). At a high code rate, Algorithm II is nearly as power efficient as Algorithm I.
However, when the code rate is low, its performance becomes slightly worse than that of
Algorithm I. Figs. 5.8 and 5.9 show that coded DPPM performs better than uncoded DPPM
at low Dr. As Dy increases, the performance of coded DPPM approaches that of uncoded
DPPM.

5.5 Soft-Decision Decoding Algorithm

We now apply the suboptimal soft-decision algorithm proposed in Chapter 4 for the coded
system. The first and second steps of the soft-decision decoding algorithm are the same as

the hard-decision decoding algorithm, and the remaining steps are described as follows:

Step 3: After some markers have been recovered from the second step, we use the con-
dition in (5.9) to determine n., = jJ, the number of erased symbols. Note that j is
the number of erasure intervals. Then, we obtain one possible chip sequence b; If
the sequence generates nm L-ary symbols, the algorithm continues to the next step.
However, if the sequence generates L-ary symbols greater than nm, we assume that
some of the selected markers from the second step are incorrect. In this step, we try
to delete some of those markers. The two closest markers, i.e. the number of chips
between them is smallest, are selected. The one with the higher Euclidean distance
from the received chips 7 is deleted and n., is reassigned. If it still cannot generate
nm L-ary symbols or the number of generated symbols is less than nm, the process

stops and the frame is declared in error.

Step 4: In this step, we first determine j — 1 markers within the j erasure intervals. We
assume that the 2-th marker is located between ((z + 1)d + z) — ® symbols from the

beginning of the interval and ((j — 2 — 1)d + j — z — 2) — ® symbols from the end
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of the interval, where 2 = 0,1,..,j —2and 0 < ® < 4.

We define n’, as the number of “on” chips before the marker, nZ, as the number of
“on” chips after the marker, and n}* as the number of error chips within the marker.

We assume that there are probable error chips which are given by
((z4+1)042)—nl | +n” +|((—2—=1)6+j — 2z —2) —nZ|, (5.17)

if the marker is selected. There are several possible z-th markers. We select sonre of
the possible markers with minimum probable error chips as marker candidates. Next,
the chips between those selected markers are detected by the soft-decision detector
as described in Chapter 4. However, since the number of symbols in an interval is
equal to d, the undetected errors are assigned as insertions if N; > J; otherwise, they
are deletions. Again, there are a number of possible chip sequences for the j erasure
intervals. The sequence with minimum p(;), which is determined by

PO = (6 — ) (5.18)

k

is selected and assigned as the transmitted chip sequence of the j-erasure intervals.

Step 5: The detected DPPM symbols are transformed into RS symbols and RS decoding

is performed to obtain the best estimate of the transmitted kq bits of data.

Note that this technique is still based on hard-decision decoding. Thus, the thresholds
¢ in (5.5) and ¥ in (5.9) should be optimized in order to appropriately select markers in the
second step, assign the number of erased symbols in the third step, and correct the detected
errors in the fourth step.
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5.6 Analysis and Simulation Results for Soft-Decision Coded
DPPM System

To analyse the performance of the coded DPPM system with soft-decision decoding is com-
plicated. Therefore we assume that every marker is located correctly and its performance
is only affected by the efficiency of the soft-decisions and the RS decoder. Let the error in
soft-decision decoding cause every symbol within the erasure interval to be in error, then
the sequence can be corrected only if there are no more than 7" = {T(%er\l—ﬂJ error intervals.

The corresponding frame error rate is

e

T N ; 7.
FER=1-) (Boe) (1 —Pi)e* (5.19)
i=0 7

where P, is the probability that an interval is in error after soft-decision decoding and can
be calculated as described in the next section. Note that we analyze the performance over
nondispersive and dispersive channels following the procedure presented in [49, 65], which

was used to analyze the performance of an MLSD detector.

5.6.1 Performance over a nondispersive channel

As discussed in Chapter 4, an upper bound on the probability of an interval error over an

AWGN channel at high SNRs can be computed as

=1 2 (L+1)log, L
rom (1) o (myfEEE). 6w

Fig. 5.10 shows the performance of soft decoding compared to hard decoding over a
nondispersive channel. This shows that the power required with soft decoding is less than
that for hard decoding by about 2 dB. The performance of the soft-decision system with
RS-M performs close to that with RS-perfect M. Moreover, the upper bound from (5.19)
with P, = (5.20) is a good approximation at high SNRs.
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5.6.2 Performance over a dispersive channel

The probability of an interval error can be approximately upper bounded by

P.~) P(e) (5.21)

ees
where P(é) is the probability of error event € which can be calculated by (4.6). Note that
the thresholds ¢# and ¥ are optimized in the simulation results.

Fig. 5.11 presents the frame error rate with soft-decision decoding compared to hard-
decision decoding for a 4-DPPM system over a dispersive channel for different values of
Dr. It also shows the performance of the system when every marker is received correctly.
The soft-decision system needs to transmit much less power than the hard-decision sys.tem
when D7 is high. Due to high intersymbol interferene, the receiver frequently selects the
wrong markers and this affects the performance of soft-decision decoding. As a result,
(RS-perfect M) outperforms (RS-M) when Dr is high.

Fig. 5.12 presents the optical power penalty for hard-decision and soft-decision DPPM
systems according to Dr. Moreover, it also compares the performance of an (RS-perfect
M) DPPM system with MLSD from the analysis to an (RS-M) DPPM system with the
proposed soft-decision algorithm from simulation. This shows that (5.19) with P;. = (5.20)
is a good approximation for soft-decision decoding performance over a dispersive channel
when D7 < 0.01. Consequently, the proposed algorithm has performance close to that
of an MLSD system. When D7 is higher, the power required from (5.19) with P, =
(5.21) is much less than the simulation results because the hard decoding still influences

the efficiency of selecting markers and soft decoding.

5.7 Conclusions

In this chapter, we proposed a novel concatenated code, comprising a marker code as the in-

ner code and a Reed-Solomon (RS) code as the outer code, to correct insertion and deletion
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errors in differential pulse-position modulation (DPPM) for wireless infrared communi-
cations. A hard-decision decoding algorithm was presented. The performance over both
nondispersive and dispersive channels was analyzed and compared with simulation results.
The coded DPPM system outperforms the uncoded system and the coding gain over a
nondispersive channel is about 4 dB when the code rate is about 0.7. Over a dispersive
channel, although the coded system performs better than the uncoded system, the power
penalty increases faster than that of an uncoded system when the ratio of delay spread to bit
duration is high. Finally, we presented a soft decoding algorithm for the coded DPPM sys-
tem, and evaluated its performance by analysis and simulation on both nondispersive and
dispersive channels. The analysis is a good approximation when the channel is nondisper-
sive or dispersive with Dy < 0.1. It was shown that soft decoding requires approximately
2 dB less power than hard decoding. Its performance is also better than hard decoding
when the channel is dispersive with high Dr. Moreover, the performance of the proposed
soft-decision decoding is close to MLSD when Dr is low. However, the (RS-perfect M)
DPPM system with MLSD has exceptional performance when Dy is very high.
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Chapter 6

Summary and Future Work

6.1 Summary

e

As the number of mobile users is increasing dramatically, the technology which can support
access to high-speed networks must be investigated. Generally, radio technology has been
exploited; however, optical systems have been considered as another option for wireless lo-
cal area networks (WLANs) because it provides some advantages over radio system such as
virtually unlimited and worldwide unregulated bandwidth and high security. Nonetheless,
some drawbacks, e.g, path loss and multipath dispersion, hinder the utilization of optical
systems in WLANSs. Although indoor optical wireless communications (OWC) were intro-
duced in 1979, this research area has not gained much attention until recently. There are
still a lot of issues which need to be explored and developed such as transceiver design,
channel modeling, and physical layer and higher-layer protocols, to enhance the perfor-
mance of OWC.

In this thesis, an OWC system with anisochronous modulation, e.g. differential pulse
position (DPPM) and differential amplitude pulse-position modulation (DAPPM), have
been developed. The advantages of using such modulation are that it offers a good compro-
mise between power and bandwidth efficiency and symbol synchronization is not required.
The channel capacity of DPPM and DAPPM systems was calculated by using expectation-
maximization. It was shown that the DPPM and DAPPM systems provide higher capac-
ity than PPM system and the capacity convergence of DAPPM system is log,(A + 1)
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bits/sec/Hz, while the capacity convergence of PPM is zero when L is large. Since DPPM
and DAPPM have better bandwidth efficiency than PPM, they are more robust to intersym-
bol interference than PPM. At constant SNR, soft-decision decoding yields higher capacity
than hard-decision decoding especially when the channel suffers from multipath dispersion.

Since the DPPM system cannot exploit maximum-likelihood sequence detection used
in a system with pulse-position modulation (PPM) to improve its performance, the maxi-
mum a posteriori (MAP) algorithm and its simplification such as Max-Log-MAP and soft-
output Viterbi algorithm (SOVA) were modified for soft-decision decoding in the system.
It was shown that their performance is closed to that of MLSD with lower complexity if
the receiver knows the channel model. A novel soft-decision decoding algorithm was also
proposed. The technique was motivated by the assumption that most of the chips are re-
ceived correctly when SNR is high so that the chip-error positions can be located. Over a
channel with low Dr, its performance is similar to that with MLSD. Although, over high
dispersive channel, it requires more transmit power than MLSD, it performs better than
MAP algorithm when the channel model cannot be estimated.

To improve the performance of DPPM system, the error-control coding was also con-
sidered. Since the variable-length symbols in a DPPM system lead to insertion/deletion er-
rors, a conventional error-control coding cannot be exploited. The concatenation of marker
and Reed-Solomon codes in order to correct such errors was introduced. The concatenated
code decoding algorithms with hard-decision and soft-decision detection were presented.
It was shown that the coded DPPM system with hard-decision decoding over nondispersive
channel achieves approximately 4 dB gain when the code rate is about 0.7. However, its
performance approaches that of uncoded DPPM as the ISI increases. Then, a soft-decision
detector is employed to combat ISI. Over AWGN, the soft-decision system requires 2 dB
gain relative to the hard-decision system and it also provides a performance improvement

in high dispersive channels.
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6.2 Future Work

Since DAPPM has the same self-symbol synchronization as DPPM, the conventional soft-
decision decoding and error control coding which can be used in PPM cannot be applied
to DAPPM. However, we can modify the soft-decision decoding algorithms introduced in
Chapter 4 and the proposed concatenated code in Chapter 5 for DAPPM.

It was shown that the performance of MAP, Max-Log-MAP and SOVA can be much
improved if the receiver has the ability to estimate the exact channel impulse response.
The channel model can be estimated without a training sequence by using blind chan-
nel estimation. The basic idea is that the output from the symbol estimator based on the
forward-backward recursion (BCJR algorithm) is fed back to channel estimator to imp;gve
the initial channel estimates [96, 97]. Since DPPM can be represented in a trellis diagram,
the BCJR algorithm can be exploited to estimate received chips, so the channel model can
be estimated iteratively by the blind channel estimator. However, an adaptation is needed
due to the non-equiprobable input signal.

The insertion, deletion and substitution errors that exist in a DPPM system can be cor-
rected using the proposed concatenated Reed-Solomon (RS) and marker code. If bursts
of errors occur, the errors cannot be corrected and retransmission of the data frame corre-
sponding to the errors is required. This can be done by an automatic repeat request (ARQ)
protocol. When an error is detected at the receiver, a retransmission request is generated.
However, the channel throughput decreases if the channel is significantly corrupted by
noise and errors occur often. Thus, a hybrid between forward error correction (FEC) and
ARQ is preferable [71]. FEC has the responsibility to correct the most frequently error
patterns and detect less frequently occurring patterns. A detectable but uncorrectable error
pattern initiates a request to the transmitter to retransmit the data. ARQ has been employed
in an OWC system with PPM [98, 59]. The utilization of ARQ in a DPPM system has not
been considered in the literature and so is a stimulating research area for future work.

Since users share the same channel, multiple access algorithms have been researched.
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The performance of time-division multiple access (TDMA) and code-division multiple ac-
cess (CDMA) with OOK for indoor OWC was examined [99]. The analysis showed that
TDMA is comparable to CDMA. Although the complexity of TDMA is less than that of
CDMA, it cannot be used in a DPPM or DAPPM system where symbols have no fixed
length so users cannot communicate independently and simultaneously. In addition, the
interference between users severely degrades the performance of the whole network due to
intersymbol interference. Therefore CDMA might be a good candidate for multiple access
in such modulation systems. The CDMA can be directly applied and the system should be

analysed and compared with other systems with different modulation schemes.
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Appendix A

The Channel Capacity Convergence of
A x L-DAPPM as L Grows

—-—

This appendix presents a proof of (3.33), the channel capacity limit of DAPPM when L
is large, and (3.34), the rate of convergence, as mentioned in Chapter 3, by adapting the
proof of the capacity limit for run-length codes described in [66, 100]. Kato and Zeger
showed that the capacity of a (0, k) run-length code (equivalent to the DPPM system)
converges to one when k grows. We extend their work to determine the channel capacity
convergence when the multilevel technique is applied to DPPM, i.e., the DAPPM system.
The characteristic equation of the transition matrix B, (3.29), for DAPPM over a noiseless
channel is

fX)=X"*—(A+1)XE+A=0. (A.1)
Then, the capacity is the base-two logarithm of its largest real root A4, i.€.,
Coarem = 1085 Anaz- (A2)
Nickalls and Dye showed in [101] that, given a real polynomial f(X) of degree n with no
repeated roots, J is the largest real root of f(X) if
e when X > 3, f(X) has the same sign as a,, and
e when X < 3, f(X) has the sign of —a,,,

where a, is the coefficient of the highest-degree term. In other words, the derivative of

f(X) has the same sign as a,,. Because a, in (A.1) is equal to 1, we need to find X such
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that f'(X) > 0. The derivative of f(X) is
FX)=L+1)XE—-A+1)(@)XE (A.3)

Therefore, f'(X) > 0 if
(A+1)
o - . A.4
X>(A+1) I+1 (A4)

We assume that the largest real root of f(X) is the proximity to (A + 1). Thus, we let

Xa=(A+1)1-a(A+1)TY, (A.5)

and
f(Xa) =A-a(l-a(A+1)"F ), (A.6)
where a > 0.
Inthecase of « = A,

(A+1)

A
Xa=(A+1) - e > (A+1) = 77

A+ 1)L i)

when L is very large. Therefore, f'(X) > 0 forall X > X 4. Considering f(X 4), we can
see that

L

In the case of @ > A, itis seen that X, < X4 and
Llim f(Xa)=A—a, (A.9)

because (1 — a(A + 1)~L1)L = 1. Consequently, lim; ., f(Xa) < 0 when o > A.

Considering large L, the largest real root A, is located as
K€ Mgz < Xa, (A.10)
and the capacity is bounded by

logy, Xo < logy Amaz < log, X 4. (A.11)
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Therefore,
« A
10g2(A+1)+10g2 1-— m < CDAppM < Ing(A+1)+10g2 1-— -(m s
(A.12)
and thus
Lli—l']go Cparem = logy(A + 1), (A.13)

so we can conclude that the capacity of A x L-DAPPM converges to log,(A + 1) when L

grows.
Since [102]
"
In(l—-z)= —;7, (A.14)
(03
10g2 Xa = 10g2(A + 1) + 10g2 (1 = m) (A.].S)
e a*(A+1 —n(L+1)
= logy(A+1) — (logy €) Z ( ) L

n=1 L

Then, (A.12) can be rearranged as

i": An(A 4 1)—(n—1)(L+1) . log2(A+ 1) ;. Y— y o a"(A 5 1)—(n—l)(L+1)
n ~  (logye)(A+1)-L-1t — n

n=1

n=1

(A.16)

log,(A+1) — C, . ) o
A= (ilgOQ‘Eze)(A)Jr 1)?2{?1M = Za (A + 1)~ (DI,

n=1

If z < 1,[102]

Yoan=t, (A.17)
1—%
=0
then
logy(A + 1) — Cparem o
= . A.l

= (log,e)(A+1)"L-1 —1—a(A+1)"L1 (A.18)

Foralla > A
A< lim logy(A + 1) — Cparem < lim a . CAIE

T L—oo (logye)(A+1)" L1 T Il-xl-—a(A+1)"L1



121

and

- logy(A + 1) — Cparem
L—oo (logye)(A+1)-L-1

_ 4 (A.20)

Alogs e

Llirgo[logz(A + 1) — Cparem] m

Alog, e

Accordingly, the rate of converge of the Cpappy as L grows is 5%
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Appendix B

Frame Error Rate of Coded DPPM with

Hard-decision Detection

In this appendix, the frame error rate of a coded DPPM system mentioned in (5.11) is
derived. According to the detection algorithm, the errors can be corrected if the number of
erasure intervals in the received frame is less or equal to 7" = [%J . Let P, be the chip

error rate, the interval error rate is

Pe=1-(1-P.)%D, (B.1)
and the marker error rate is
Ppe=1— (1= P)&*, (B.2)
The frame error rate can be calculated as
FER=1- i P(is), (B.3)
is=0

where P(i,) is the probability that i, intervals are erased and can be determined as follows.
A partition is a way of writing an integer i, as a sum of positive integers where the order
of the addends is not significant and n,, define as the number of ways of doing so [103].
For example, if ¢, = 3, n, = 3, all partitions can be written as
3 = 3 (B-4)
= 241

= 141+1
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or

P=1110 (B.5)

0 01
L .
where p is an n,, X i, matrix and p;; is the number of addends equal to j in the ith partition.
Let each addend represent the number of successive erasure intervals. The above example
can be interpreted that, in a received frame,

e there is only one three-consecutive erasure interval.

e there is a two-consecutive erasure interval and a one-erasure interval which are-not

next to each other.

e there are three nonadjacent erasure intervals.

There are several interval and marker error patterns which create a j-successive-erasure

interval. Suppose j = 2, then the intervals and marker error patterns are

IMI IMI (B.6)
IMX I2X
XMI IMX

X1

XX

Note that the cross over I (interval) and M (marker) means they are in error. Only patterns
on the right-hand side will be assigned as a 2-successive-erasure interval and the summation
of the probability of those patterns is the probability of a j-consecutive erasure interval
P(j) occurring.

Let n\y) be the number of markers within the erasures in the i-th partition, i.e.

n) =" —py, (B.7)

=2
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and n,(.i) be the number of consecutive interval erasures in the i-th partition, i.e.
- is
n{ =3 py. (B.8)
j=1

Then, the probability P(i,) can be calculated as

Nip
(3)

Pis) = 3 [19(1 = R (1 — P YwP()  ®9)
j=1

i=1
where N; is the number of intervals in a codeword and n'? is the total number of ways of

arranging erasures in the ¢-th partition in a frame when no erasures are allowed to be next

to each other. =
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