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B.S., Electrical and Electronics Engineering, Middle East Technical University, 2010

M.S., Communications Systems, Lund University, 2012

Submitted to the Institute for Graduate Studies in

Science and Engineering in partial fulfillment of

the requirements for the degree of

Doctor of Philosophy

Graduate Program in Electrical and Electronics Engineering
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ABSTRACT

PRACTICAL CHANNEL CODING METHODS FOR

CHANNELS WITH INPUT-DEPENDENT NOISE

With the emergence of new applications and needs, communications theory

started to be applied to outside of the traditional radio frequency (RF) bands or even

in completely different channels. Molecular communication and visible light communi-

cation (VLC) are examples of such emerging use cases that communication takes place

in a specific channel. Not surprisingly, those channels bring their own challenges and

differences compared to the conventional wireless channels. One common point among

many of those new channels is that the noise depends on the input signal. This situation

is contrary to the prevalent assumption of existence of white noise in the design of wire-

less communication blocks. Since white noise assumption is not valid, applying directly

conventional methods to the new channels yields unsatisfactory performances. In this

thesis work, our aim was to develop practical channel coding methods for the channels

with input dependent noise. For molecular communication via diffusion (MCvD), we

propose 2 novel decoding methods coupled with constant low weight codes. Iterative

sorting decoder is a decision-feedback heuristic method that iteratively calculates the

intersymbol interference (ISI) from a better estimation at each step. The second pro-

posed method is the super trellis decoder, which is a maximum a posteriori sequence

estimator. Iterative sorting and super trellis decoders bring substantially better per-

formances than the existing methods. For VLC, a deep learning based VLCnet is

proposed. VLCnet has a novel activation unit, FRAU, to achieve flicker reduction

and dimming, which are two main illumination needs. By allowing joint optimization

of both the encoder and decoder, VLCnet performs superior compared to the other

proposed techniques in the literature.
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ÖZET

GİRDİ BAĞIMLI GÜRÜLTÜYE SAHİP KANALLAR İÇİN

PRATİK KANAL KODLAMA YÖNTEMLERİ

Yeni uygulamalar ve ihtiyaçların ortaya çıkması ile haberleşme teorisi geleneksel

radyo frekans (RF) bantlarının dışında veya tamamen farklı kanallara uygulanmaya

başlandı. Moleküler haberleşme ve görünür ışık haberleşmesi (VLC), haberleşmenin

özel bir kanalda gerçekleştiği bu tarz yeni kullanımlara örnektir. Şaşırtıcı değildir ki,

bu kanallar geleneksel kablosuz kanallara kıyasla kendi zorluklarını ve farklılıklarını

beraberinde getirmektedirler. Bu kanalların çoğundaki ortak nokta gürültünün girdi

sinyaline bağlı olmasıdır. Bu durum, kablosuz haberleşme blokları tasarımındaki beyaz

gürültü varlığı varsayımına zıttır. Beyaz gürültü varsayımı geçerli olmadığı için gelenek-

sel yöntemlerin direkt olarak yeni kanallara uygulanması istenilen düzeyde olmayan

performans getirmektedir. Bu tez çalışmasında, amacımız girdi bağımlı gürültüye

sahip kanallar için pratik kanal kodlama yöntemleri geliştirmekti. Difüzyon bazlı

moleküler haberleşme için sabit düşük ağırlıklı kodlar ile ilgili 2 farklı yeni kod çözme

yöntemi önermekteyiz. Özyineli sıralama kodçözücüsü, her adımda daha iyi kestirim-

den özyineli olarak semboller arası girişimi hesaplayan bir karar geribeslemeli buluşsal

yöntemdir. Bir maksimum soncul dizi kestirimi olan süper trellis kodçözücüsü, ikinci

önerilen yöntemdir. Özyineli sıralama kodçözücüsü ve süper trellis kodçözücüsü var

olan yöntemlerden önemli ölçüde daha iyi performans sağlamaktadır. VLC için de de-

rin öğrenme bazlı VLCnet önerilmektedir. VLCnet iki temel aydınlatma ihtiyacı olan

ışık titremesi azaltma ve karartmayı gerçekleştirmek için yeni aktivasyon birimi olan

FRAU’ya sahiptir. VLCnet kodlayıcı ve kodçözücünün birlikte optimizasyuna fırsat

tanıyarak literatürdeki diğer önerilen tekniklerden üstün performans göstermektedir.
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1. INTRODUCTION

As social beings, humankind has sought for ways to improve their ability to

exchange information for a long time of its existence. Regarding the modern era com-

munications, most of its interest has been related to increase communication distance,

capacity and security. With the invention of communication using radio frequencies,

the speed of technical improvements on the area have increased significantly. The

communication blocks have evolved and been optimized by the researchers considering

the requirements of the wireless channels. For long, those requirements have stayed

stable and more superior methods have been developed based on the same models and

assumptions.

Communications has been moving to a different era more recently. To be able

to realize future technologies, such as revolutionary data speeds, intelligent drugs, or

much more accurate indoor localization, communication theory is applied to different

contexts and channels, which none of which were researched a couple of decades ago.

Although research interest has been focused on other essential communication modules

in these emerging channels, error correcting codes specialized to the nature of these

channels will likely gain popularity in the future. As stated in [1], only a limited

amount of work has been done on molecular communication channel coding, which is

an example of the emerging channels.

As they are researched, these channels are found to have some challenges, which

make communications harder compared to the familiar ones. This difficulty stems

from the fact that these challenges were not considered by the communications re-

searchers before and most of the available systems were optimized considering nature

of the conventional wireless channel. The major discrepancy between these channels

and the conventional wireless channels is the noise model. The noise contains an

input-dependent part unlike the widespread white noise model in conventional wireless

channels. The proposed thesis aims to develop implementable, performance increasing
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error correcting codes specialized to the challenges caused by the nature of these emerg-

ing channels. Molecular communications channel, visible light communications (VLC)

channel as well as the terahertz (THz) band channel are some examples of these com-

paratively new channels with input-dependent noise. These channels and the nature

behind the their input-dependent noise are shortly presented in Sections 1.1, 1.2, 1.3,

respectively. Other channel specific requirements that must be met by custom channel

codes are also mentioned in these sections. The detailed related literature reviews are

left to the corresponding chapters.

1.1. Molecular Communications Channel

Molecular communication is a type of communication where information is trans-

mitted with molecules [2]. The information can be encoded in the form of molecule

count, molecule release time or molecule type [1]. The molecules that carry message

information in their release pattern propagate through the receiver. The receiver senses

the molecules and decodes the pattern so the message. It is seen as a feasible com-

munication scheme in the communications community for small scaled devices in fluid

medium, which have short distances in between [3]. Design simplicity compared to the

RF modules at nano-scale, being less energy demanding compared to electromagnetic

wireless communications, and biocompatibility are the main attractions of molecular

communications for researchers [4]. These devices are scaled in nanometers and electro-

magnetic communication in these scales are difficult due to pyhsical limitations such as

the required antenna sizes. Therefore, molecular communication is envisaged to solve

the networking problem of the nano-machines. More intelligent drugs or nano-scale

diagnosis are likely to be realizable using molecular communications [5].

Many biological systems like microorganisms exchange information using molec-

ular communication [6]. Engineered molecular communication systems are inspired

mainly by nature and major methods in literature are achieving transmission us-

ing diffusion based architecture [7] or alternatively using microtubules and molecu-

lar motors [8]. In both cases, electromagnetic wave based communications paradigms
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will need to be reconsidered before directly applying to the communication based on

molecules.

Molecular communication via diffisuon (MCvD), also known as communication

with Brownian motion, is the most popular and most general architecture in the molec-

ular communications community. In this scheme, the molecules are released to the fluid

medium and they are subject to the diffusion process afterwards [5]. In the case of

communication via diffusion, the major difference compared to the classical communi-

cation is that additive Gaussian noise variance in molecular communications depends

on the transmitted sequence [9]. This is because the main source of noise is considered

to be random movement of the information particles. Therefore the few molecules are

released in the transmitter, the less noise is received by the receiver.

In diffusion, some molecules that have been released at the transmitter side may

arrive in receiver in unintended time slots [7]. This causes intersymbol interference

(ISI).

Considering the fact that releasing fewer molecules reduces energy consumption

by synthesizing fewer molecules at the transmitter and it also decreases input dependent

noise and ISI, it seems feasible to map the information bits to codewords which have

more zeros compared to the ones. A novel method built upon this idea is further

discussed in Chapter 2.

Other challenge is production of energy and maintaining communications with

limited energy for these small scaled devices. Energy is a constraint for the proposed

methods in this channel. Similarly, computation needs of the methods should be con-

sistent with the capabilities of these small scaled devices.
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1.2. Visible Light Communications Channel

Visible light communications is an application of optical wireless communications

(OWC) which generally utilizes light emitting diodes (LED) as optical transmitters.

Illumination and communication are provided simultaneously. Because of the RF spec-

trum scarcity and the developments in LED technology, VLC has been increasingly

appealing for communications community. Some of its other advantages are the fact

that the frequency is license free, both photodetectors (PDs) and LEDs are low-cost

and this type of communication does not cause radio frequency interference. Electronic

medical equipments is especially adversely affected by electromagnetic interference and

VLC is envisaged to be used in hospitals in the future.

Message +

DC	Bias

LED

Channel
H(f)

Photo	detector+
Signal

Processing,
Demodulation

Noise
Shot/Thermal

Optical	Domain

Imsg

IDC

ILED

Irec

Figure 1.1: VLC Link

For having practical high data rate VLC systems, a technique called intensity

modulation/direct detection (IM/DD) is used. In IM/DD, the signal is modulated into

the the power of the LED. A typical VLC link model with IM/DD is seen in Figure

1.1. The message signal, Imsg, is summed with DC level, IDC , to generate LED driving

current, ILED. This current is transformed to amplitude modulated optical power. This

power is traveled through the free space optical channel and then transformed back to
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electrical current by the photodetector. At PD, the received signal is mixed with the

shot and thermal noise. Shot noise is due to random nature of photon collection in

the LED and depends on the input itself [10]. Thermal noise is a kind of electronic

noise and considered to be input-independent. Thus, the noise model of VLC consists

of both input-dependent and independent noise terms.

Other main challenge in VLC is to achieve light dimming [11]. This is generally

achieved by either compensation symbols or pulse width modulation (PWM) if on-

off keying (OOK) is used as data modulation scheme. Another illumination related

challenge is to mitigate flickers. Flicker means the situation when light intensity change

is noticeable by human eye [12]. It is stated in [13] that flicker can cause harmful

physiological changes to humans, therefore it should be avoided. Long runs of bit-1

values or bit-0 values make humans notice the change between these levels. A technique

to avoid flickers is explained in 1.4.2.

1.3. Terahertz Band Channel

With the increase in demand for network speed and capacity, terahertz band com-

munication is gaining more popularity. Researching the terahertz band and utilizing

other unused parts of the spectrum is seen as one of the key enabler of future’s ultra

fast wireless technology, since spectral efficiency of used spectrum has already been

increased to a great extend. In very near future, terabit-per-second (Tbps) speeds will

be needed to satisfy increased demand. Frequencies below 0.1 THz are not able to

support Tbps speeds [14]. Therefore communications systems working on the tera-

hertz band will be the only way to realize these large bandwidths. Another use case of

the terahertz band is nanonetworks. Due to limitations of these devices, the terahertz

band is considered as a viable solution for the networking of these devices [14].

Although increasing bandwidth for satisfying high capacity may seem to be a

trivial solution, challenges caused by the nature of these high frequencies have prevented

the band from the usage until now.
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Besides the hardware difficulties [14] and the severe path loss, the peculiarities of

the channel at these high frequencies cause trouble for the communications. In addi-

tion to the spreading loss, which means traveling wave’s expansion as its propagation,

molecular absorption loss exists as path loss in the terahertz band. Excited molecules

absorb some portion of the energy of the electromagnetic waves in terahertz band

and radiate this energy later. This radiated signal is denoted as molecular absorption

noise. This form of noise only exists when channel is excited; if no user is transmitting,

molecules remain still and noise becomes negligible. Thus, by being silent, the energy

consumption is reduced (assuming OOK modulation), and the probability of incorrect

symbol detection is also lowered. Considering the nano-machine communications being

one of the target applications for the terahertz band, diminishing energy consumption

is obviously a merit for any designed communication block.

1.4. Error Correcting Codes for Challenging Channels

Well known channel coding methods optimized for decades assume the existence

of white Gaussian noise at the channel while considering less about the energy or com-

putation power if not none at all. Because of the channel peculiarities and capability

issues of the targeted devices, there is a need to develop special channel codes for the

challenging channels described earlier. Firstly, designed codes should not be complex

to operate if molecular channel is aimed since devices are generally nano-scaled in this

channel. Similarly, decoding time and decoding power are constraints in the terahertz

band. It is known that for small distances, decoding power is sometimes larger than

transmit power [15].

For the energy constraint of nanonetworks, OOK is proposed as a modulation

method as bit-0 is represented with silence in [16], [17]. Encoding bit-0 with silence is

further advantageous considering the fact that molecular absorption loss is negligible

when there is no transmission in terahertz band [16]. In a similar fashion, the use of

low weight channel codes have been proposed in [16], [17], [18]. In this way, probability

of error occurring is diminished. So, these codes are defined as error preventing rather
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than error correcting by the authors. The main principle for achieving interference

and error mitigation is to diminish the number of 1s transmitted. Channel coding

proposed in [16] controls the weight of the codewords and by choosing the low weight

ones as valid codewords, the interference power is reduced. Unlike existing channel

codes that are composed of different weight codewords, authors claim that weights of

the codewords should be limited to low values to reduce interference. In [19], the low

weight channel code suggested originally for the terahertz band [17] is proposed for

molecular channel for its energy efficiency.

In addition to high weight codewords, the authors in [20] point out that consecu-

tive bit-1s are also detrimental as they do not allow channel relaxation, thus increasing

molecular absorption noise in the terahertz band. This reasoning is valid for MCvD

as well. Long runs of same symbols are also avoided in VLC in order to reduce flicker.

In the following sections, the short descriptions of two different coding methods are

summarized as they are referred often in the thesis.

1.4.1. Constant Weight Coding

A binary code is defined as constant weight code, if all of its codewords have the

same total number of bit-1 samples. Constant weight codes have numerous applications

as error detection or correction codes. Most of the research has been done to find

bounds of number of constant weight codes for given weight and Hamming distance

values.

In the previous part, it is mentioned that having low weight codes is favorable for

the interested channels. By using a longer sequence of bits, the number of ones in the

uncoded stream can be reduced. Total number of possible k-bit words is 2k. If we have

n > k, we can have n!
(n−m)!m!

different words with weight m. For instance, for k = 32

bit input words, n = 35 long sequences are needed to have 232 words with 17 weight.

Then the probability of ones is 17
35

, which is slightly smaller than 0.5. By decreasing

the m parameter, the count of bit-1’s in a codeword can be reduced to have low weight
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codewords.

Figure 1.2 shows how the codeword length changes as the fixed weight of code-

words, m parameter, changes. If very low weight is desired, the required codeword

length to encode messages increases dramatically. For k = 12, n increases to 92 if m is

lowered to be 2.

Figure 1.2: Constant codeword weight and associated codeword length to encode 12

information bits

As expected, the amount of useful information decreases the as the codewords are

lengthened due to having lower weights. Thus, lowering weights constitutes a trade-off

between decreased spectral efficiency and the advantages of low weight codes, namely

less input-dependent noise, less energy.

Effect of constant weight codewords has been tested in molecular communica-

tions channel. For the n and m pairs shown in 1.2, molecular communication decision

thresholds were found by simulations. Table 1.1 shows these values for different number

of molecules released when 1 is transmitted. Threshold receiver is explained in 2.3.1

in detail. As expected, the thresholds needed to separate bit-0 and bit-1 increase as

constant weight increases since more ISI occurs.
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Table 1.1: Calculated Threshold Values

n m Threshold for Pw=100 Threshold for Pw=200 Threshold for Pw=400

20 4 14.54601 29.38945 59.55139

16 5 15.46568 31.27603 63.14824

15 6 16.18741 32.80973 66.01291

15 7 16.77731 34.07377 68.41711

15 8 17.34247 35.30765 70.84247

15 9 17.83612 36.44875 73.32761

16 10 18.1771 37.34136 75.18312

By using the values in Table 1.1, the codeword bit error rates (BER) of different

constant weight codes have been calculated by simulations. Power is normalized here

so lower weighted codes have higher power so higher molecules for each transmitted 1.

It is evident that the low weight constant codewords suffer small error rates. However,

it must be noted that the sampling time is not normalized in this experiment, therefore

the less amount of information content is delivered in longer codewords.
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Figure 1.3: Length vs. codeword BER graph
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1.4.2. Run Length Limited Codes

A run length limited (RLL) code is actually a line coding technique that guar-

antees run length of 0s or 1s being within limits. It has been widely used especially

in storage systems and telecommunications. In VLC, flickers cause harmful effects on

humans and in the quality of illumination as aforementioned. In literature, RLL codes

are widely used for avoiding this problem.

RLL codes are defined with 4 parameters, namely m, n, d, and k. First two

parameters give the rate of the code, m
n

, and last two ones refer to the minimum

number of zeros and maximum number of zeros between consecutive ones. One of the

most basic examples of RLL is Manchester Coding. It ensures transition in each data

symbol and both symbols occupy same time so it guarantees having no DC component.

In [13], IEEE 802.15.7 standard is reviewed by the authors. RLL coding is used

as a flicker avoidance method in the standard. Both Manchester coding, 4B6B RLL,

and 8B10B RLL, which are all defined by earlier standards, are used in the article.

RLL is used together with Reed Solomon (RS) and convolutional codes (CC) for error

correction. It is noted that this kind of low complexity and hard decision coding

schemes are preferred in VLC instead of advanced ones like low-density parity check

(LDPC) codes.

4B6B RLL code takes random 4-bits and encodes it to 6-bit codewords with

weight 3. The properties of 4B6B RLL code are [13]:

� 50 percent duty cycle during one encoded symbol,

� Balanced DC,

� Capability of error detecting,

� Run length limited to four,

� Reasonable clock recovery.
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Output of all investigated RLL codes in [13] have 50 percent duty cycle like

the 4B6B RLL code. In the standard, OOK light dimming is achieved by inserting

another stream in a frame which has different brightness level and able to satisfy aimed

brightness after averaging. This process is called compensation. Not surprisingly, the

data rate is lowered as the compensation block does not carry any information but only

used for dimming [13]. Instead, by adjusting weight of codewords or using RLL codes

with different duty cycle, desired brightness level could be guaranteed. An approach

based on this idea is presented in Chapter 3.

1.5. Motivations

We had several motivations behind the research of channel coding methods for

these channels. First of all, we found carrying out a research on the topic important,

since most of the communication blocks in the literature assume existence of white

Gaussian noise. However, this assumption is no longer valid in the aforementioned

communication environments. For a researcher, it is tempting to design systems for

challenging cases. Moreover, as these channels have recently been popular, the contri-

butions could be valuable and attractive for the increasing audience of the subject.

Secondly, numerous possible applications and use cases have been identified for

the same channels. Therefore, the designed techniques focusing practicality could be

deployed to the real applications. To be practical, we aimed to cover channel specific

requirements besides the common ground of having input dependent noise. To illus-

trate, codewords for VLC should satisfy the dimming and flicker reduction needs while

performing well in terms of error rates. Similarly, the codewords for molecular channel

should be sparse enough to decrease severe ISI due to the diffusion process. We take

into account those channel specific needs in our proposed methods. Apart from these

essential needs, we also tried to cover other nice to have features like requiring low

computational power by using short block lengths and paying attention to complexity

of the proposed methods.
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Lastly, we tried to design the systems that are jointly optimized as much as pos-

sible. Contrary to widespread approach of developing separate blocks, we proposed

compound blocks as this allows joint optimization and yields better results in our

experiments. The techniques presented in Chapter 2 provide joint equalization and

channel decoding. The VLCNet, presented in Chapter 3, replaces whole VLC com-

munication link and achieves a jointly optimized system. With the advance of neural

networks that can model highly complex functions, the approach of joint optimization

is likely to gain more attention in communications.

In the proposed techniques, we tried to present frameworks to allow fulfilling

the needs of the channels rather than optimizing a set of parameters for a given sce-

nario. For example, we propose using low weight constant weight codes for molecular

communications channel and present our designed methods for decoding these codes.

However, we are not interested in calculating what the weight values should exactly be

as this depends on the bit rates, the channel states, etc. Rather, our motivation was to

design generic techniques that can be used with different parameters. We believe the

value of developing such generic architectures are higher than parameter optimization

for a given case.

1.6. Contribution of the thesis

The studies and the contributions of this thesis can be divided into two parts. The

first part focuses on molecular communications and proposes two different methods for

it, while the second part focuses on VLC and proposes an end-to-end communications

solution.

Considering the challenges explained in Section 1.1, we have proposed two novel

decoding techniques for constant weight codes in energy limited nano- and micro-scale

devices. Our aim is to attain higher communication quality by lowering codeword

bit error rates. Both of the methods assume that channel state information (CSI) is

partially or fully available at the receiver. This information can easily be acquired via
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transmitting the pilot sequence, a training sequence which is already known by the

receiver. Our motive behind implementing ISI mitigation at the receiver part is that

the transmitters are envisaged to be simpler than the receivers in many applications

of molecular communications. One example of such a transmission from nano- to

micro-scale devices is the communication from the nano-scale position beacons to the

micro-scale drug delivery robots [21]. Our proposed methods utilize the information

that the codewords have a predetermined weight at the decoding process. Therefore,

the CLWC not only decreases ISI, the randomness of the transmission, and the energy

usage, but also increases the communication performance if it is used together with

our proposed decoders.

Our first proposed algorithm is the iterative sorting decoder. It is a heuristic

approach, which requires less computation power compared to our second proposed

method. Iterative sorting decoder uses its decision for better interference cancellation

in the subsequent iterations. After each iteration, likelihood of the decoded sequence

is calculated and the algorithm halts if the likelihood is not increased compared to

the previous iteration. Therefore, performance increase at each iteration is guaranteed

and error propagation is prevented. The algorithm iterates until the same sequence is

obtained as iteration output, or the maximum number of iterations is reached. Our

second proposed method embeds the information that the codewords have the same

weight into the trellis graph together with ISI. By forming a super trellis, which takes

both the channel information and coding information into account, the maximum a pos-

teriori sequence can be determined by using one of the maximum a posteriori sequence

estimation (MAPSE) methods in the literature. We employ the Viterbi algorithm for

our path selection technique in the trellis. The super trellis method is computationally

more expensive compared to the iterative sorting method, yet offers better performance

at the expense of this cost. Both proposed methods bring substantial performance en-

hancement compared to the alternative molecular communication decoding schemes in

the literature. To summarize the contributions of the first part of thesis work are as

follows.



14

� We introduce heuristic iterative sorting decoder for constant weight codes, which

is a computationally lightweight method designed for micro-scale devices.

� We propose super trellis methods, which provides maximum a posteriori sequence

estimation.

� We evaluate our methods for different set of parameters and show their perfor-

mance superiority over the existing methods in the literature.

In the second part, we have proposed a novel autoencoder designed to satisfy

lighting requirements as a practical solution to VLC. To best of our knowledge, this

is the first deep learning based system that both provides both flicker reduction and

dimming capability, which are the two main constraints of VLC. We introduce a novel

competitive activation unit, FRAU. This unit is located at the end of the learned trans-

mitter transformation to map neuron activations to favorable values. FRAU divides

the activations into blocks in which only a certain number of nodes could be active.

While the values of inactive nodes are zeroed out, values of the active nodes are fed

into a modified sigmoid function to guarantee flicker mitigation. The contributions of

this part are as follows.

� We introduce VLCnet with a novel activation layer that guarantees flicker miti-

gation and show that it can be efficiently learnt.

� We explore the effect of different VLCnet parameters on the error rate perfor-

mance.

� We show that training with a certain amount of noise yields the best error rate

performance even under changing noise levels. This is an important result that

can be used in another deep learning based communication system designs.

� By comparisons with other methods, we show that VLCnet provides superior

FER performance while having moderate complexity.
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1.7. Organization of the thesis

This chapter discusses the thesis topic and our research motivations. The prod-

ucts of research contributions of the thesis are presented in two separate chapters, in

Chapter II and Chapter III. In Chapter II, we introduce two different novel decod-

ing methods for constant weight codes in the molecular communications environment.

In Chapter III, we propose a novel autoencoder that is able to address lighting re-

quirements of VLC as well as communications requirements. Both Chapter II and III

contain detailed literature reviews, system models and their own evaluation results.

Finally Chapter IV concludes the thesis and discusses the future work.
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2. METHODS FOR MOLECULAR COMMUNICATIONS

CHANNEL

2.1. Related Literature

Molecular communication systems are inspired mainly by the nature and major

methods in the literature utilize a diffusion based architecture [22], or alternatively use

microtubules and molecular motors [23]. In both cases, electromagnetic wave based

communications paradigms need to be reconsidered before directly applying to the

molecular communications. Molecular communication via diffusion, also known as

communication with Brownian motion, is the method considered in this study. In

this scheme, messenger molecules are released to the fluidic medium and they move

in the medium subject to the diffusion process. As they reach to the receiver, the

information, which is embedded in the release pattern of the molecules, is decoded

by the receiver. A problem of MCvD is that some of the released molecules arrive at

the receiver very late and in unintended time slots. This delayed arrival causes severe

intersymbol interference.

The nature of molecular communication is different than electromagnetic wireless

communications on the grounds that the transmission is based on Brownian motion.

The stochastic behavior of the transmission can be modeled as noise [24]. In addition,

the variance of the received number of molecules at the receiver depends on the trans-

mitted sequence and is proportional to the amount of the transmitted molecules [25].

This is different from wireless communications, where the noise variance is generally

considered to be constant and independent of the transmitted data. Since the variance

of the randomly arriving molecules depends on the number of transmitted molecules,

the fewer molecules are released by the transmitter to the medium, the less this random-

ness is experienced by the receiver. Besides mitigating noise, releasing fewer molecules

reduces energy consumption by decreasing the need for synthesizing molecules at the

transmitter. This motivates a channel code designer to map the information bits to



17

codewords with more zeros compared to the ones in an on-off keying scheme. Such a

coding technique also decreases ISI, hence it cures another problem of the molecular

communication. In addition to the randomness specific to molecular communications,

the imperfection in the operation of the nano-devices, such as miscounting of received

molecules, can also be modeled as noise.

Various modulation techniques have been proposed in the literature to cope with

ISI. Molecular concentration shift keying (MOCSK) is a modulation technique in which

information bits are encoded as two different molecule concentrations [26]. For each

even and odd time slots, molecule types A and B are transmitted respectively in order

to reduce the interference due to the previous symbol. Contrary to molecular shift

keying (MoSK) [27], the molecule types are not used for signalling but to reduce ISI

in MOCSK. Molecular transition shift keying (MTSK) is another ISI-mitigating mod-

ulation technique proposed in [28]. In this method, zeros of the information symbols

are encoded by the absence of transmitted molecules. For ones, either molecule type

A or B is released depending on the following symbol. These methods require at least

two molecule types, which increases the complexity of the nano-devices that are used

as transmitters and receivers.

Apart from modulation techniques, receiver-based methods are also proposed for

ISI mitigation in the molecular communications literature. Kilinc et al. [25] proposed

implementing minimum mean squared error equalizer and decision feedback equalizer

designed specifically for the MCvD. In [29], memory-1 cancellation, which calculates

and removes the expected number of molecules from the previous symbol, is proposed.

Some works utilize the change of received molecule count within a symbol interval.

In [30], the receiver takes the difference of received molecules between two observation

durations in each sampling interval. First observation is the point where the transmitter

just emits the molecules, and the second point is where the most fraction of current

symbol molecules arrive at the receiver. The receiver subtracts the molecule count at

the first point from the count at the second point. In [31], weighted sum detectors

are proposed for the diffusive molecular communications with flow. The receiver sums
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the observations taken in a bit interval after multipliying them with their associated

weights. The authors show that particular selection of the weights is equivalent to

having a matched filter, where the matched filter performance is the same as the

optimal detector when there is no ISI in the channel. To calculate the weights of the

weight sum detector, acceleration aided particle swarm optimization is proposed in [32].

As optimum sequence detection method for ISI experiencing MCvD, Viterbi algorithm

is suggested in [25], [33], [31]. In [30], reduced-state Viterbi algorithm is proposed for

the ease of computation in the nano-scale devices.

Using forward error correction methods is also proposed in the literature as an-

other approach for mitigating ISI. Implementation of Hamming codes in molecular

channels are proposed in [34]. The authors show that even the simple channel coding

method increases transmission performance while benefiting energy consumption. In

another study [21], Hamming codes are compared with more complex codes, such as

Euclidean low density parity check codes and cyclic Reed Muller codes, for the molec-

ular communications channel. According to the study, Hamming codes can be a viable

solution for nano-device to nano-device communications while LDPC codes can be pre-

ferred when one side is a macro sized device. Bit crossover errors are considered when

only one molecule is sent as the information symbol in each sample time in [35]. In the

same study, error coding techniques specialized for this type of errors are presented.

However, only crossovers at consecutive time slots are covered in the study, and the

data rates are expected to be very low if level-2 or more crossovers are not allowed

for the diffusion channel. In [36] and [37], channel codes mitigating crossover errors in

molecule shift keying modulated systems are studied and compared.

Bai et al. [19] propose implementing minimum energy channel codes (MEC),

originally proposed in [38], in molecular communications. They claim that this scheme,

which is based on minimizing the average code weight for a given minimum distance

among codewords, is better than Hamming codes both in terms of energy consumption

and bit error rate (BER). MEC is also implemented in terahertz band [17]. Another

energy efficient low weight coding scheme is proposed in [18], where only weight zero and
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weight one codewords are used. This strict weight constraint makes the information

rate decrease drastically. The performance of MEC and MTE are compared in [20]

together with other low weight codes. It is stated in the study that the performance

depends heavily on the metrics used and there are no clear winners.

Energy and computation power scarcity of the nano-machines, severe ISI expe-

riencing channel conditions, and the input dependent noise are unavoidably in the

nature of molecular communications, and they need to be taken into account in the

design of error correcting codes. To satisfy all of these needs, we propose using con-

stant weight codes with low weights as channel codes. Low weight constant weight

codes do not only lower ISI, but they also facilitate error control and correcting mech-

anisms at the receiver side. Another obvious advantage of constant low weight codes is

lower energy consumption. In the literature, constant weight codes are used for their

aforementioned advantages in similar channels. In [16], the authors propose using con-

stant low weight channel codes in the terahertz band to prevent multiuser interference

in nano-sensor networks. Jamali et al. propose constant weight codes for molecular

communication [39]. They state that constant weight coding (CWC) allows channel

state information free maximum likelihood (ML) detection if symbol intervals are cho-

sen large enough so that ISI does not occur. However, this lowers the information rate

substantially in the molecular communication channel where the transmitted molecules

can arrive at the receiver very late as a result of their random movement. Therefore,

we consider that ISI exists in our system model to target the plausible data rates.

To decrease ISI and input-dependent noise, we propose using constant and low

weight codewords. In this work, we propose two different decoding techniques that

utilizes the information that the codeword weights are constant. First approach is

heuristic and requiring less resource in terms of computation. The second method is

optimal as it provides maximum a posteriori sequence estimation but more complex

in exchange. The simulation results show that both methods outperform the existing

methods in the literature.
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The rest of the chapter is organized as follows: Section 2.2 provides the review

of the system model, the molecular communications channel and the constant weight

coding. The decoding approaches are presented in Section 2.3, starting with basic

decoding methods, threshold and sorting decoders. This section then continues with

our proposed decoding techniques, iterative sorting, and super trellis decoders. Per-

formance comparisons and evaluations are presented in Section 2.4. The complexities

of the proposed methods are discussed in Section 2.5. Transmitter side approaches

are mentioned in Section 2.6. Finally, Section 2.7 gives general discussion about the

chapter.

2.2. System Model

2.2.1. Molecular Communications Channel

The considered system consists of a transmitter, a diffusion channel and a re-

ceiver. The transmitter is assumed to be a point source that emits molecules, and

the receiver is a spherical receiver which is located r0 away from the transmitter. The

receiver is assumed to have perfect molecule reception at its surface and its radius is rr.

The environment surrounding the transmitter and the receiver is a three dimensional

unbounded fluidic medium as an example of proper diffusive surrounding. The colli-

sions among the messenger molecules are ignored, as widely assumed in literature [40].

The probability density function of finding molecule at distance r at time t for this

environment is formulated as [41, Eq. (3.104)]

p(r, t|r0) =
1

4πrr0

1√
4πDt

(
e−

(r−r0)
2

4Dt − e−
(r+r0−2rr)

2

4Dt

)
, (2.1)

where D is the diffusion coefficient.
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Figure 2.1: MCvD system model

The hitting rate for a molecule is calculated by taking partial derivative of (2.1)

and then multiplying with the sphere surface area [41, Eq. (3.108)] as

fhit(t) = 4πr2rD∂rp(r,t|r0)|r=rr

=
rr
r0

1√
4πDt

r0 − rr
t

e−
(r0−rr)

2

4Dt .
(2.2)

The fraction of molecules that arrive at and are absorbed by the receiver until

time t can thus be obtained as

Fhit(t) =

∫ t

0

fhit(x)dx =
rr
r0

erfc

[
r0 − rr√

4Dt

]
. (2.3)

Since Fhit(t) provides the fraction of the molecules arriving at the receiver until

time t, time can be divided into intervals and the probability of a messenger molecule

being absorbed by the receiver at a specific time slot [40] can be calculated as

pk = Fhit(kts)− Fhit([k − 1]ts). (2.4)

As the reference modulation technique, binary concentration shift keying (BCSK)

is employed in this work. The number of messenger molecules arriving at the receiver
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is considered as the signal amplitude in concentration shift keying (CSK) [27]. In the

model, the input symbol duration ts is chosen such that the hitting probabilities, so

taps of our diffusion channel, are monotonically decreasing, i.e., p1 > p2 > p3 > ....

This assumption about the channel is important for the decoding methods that are

covered in the next section.

If N molecules are transmitted with each having p hitting probability for a spe-

cific time interval, the number of received molecules at that time interval follows a

Binomial distribution [27]. Moreover, it is known that Binomial(n, p) distribution can

be aproximated with Gaussian distribution N (np, np(1− p)) if np is large enough and

p is not close to zero or one [27]. Hence, for a large number of emitted molecules, the

number of received molecules during time slot i can be approximated as [40]

y[i] | bi ∼ N (µ[i], σ2[i]), (2.5)

where y[i] is the number of received molecules at time slot i and bi is the binary

message symbol history, bi = {b[1], b[2], . . . , b[i]}. The parameters of the distribution

can be written as

E
[
y[i] | bi

]
= µ[i] = N

i∑
k=1

pk b[i− k + 1], (2.6)

V ar
[
y[i] | bi

]
= σ2[i] = N

i∑
k=1

pk (1− pk) b[i− k + 1] + σ2
c , (2.7)

where N is the number of released molecules at each bi = 1, and σ2
c is the counting

noise variance that is independent of the input sequence. Counting process errors are

modeled by the noise with constant variance.
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2.2.2. Constant Weight Coding for Molecular Communications

Constant weight codes have been widely studied in the literature and they are

used in various applications [42,43].

Let U = {0, 1}k be the set of all binary sequences of length k and each element

of U be a valid sequence of binary input symbols. Then, by constant weight coding,

these k-long input sequence are transformed to n-long codewords that have the same

weight, i.e., u
CWC(k,n,m)−−−−−−−→ v, where u ∈ U and

∑n
i=1 vi = m. If the codebook contains

all n-long words that have m weights, then this codebook is denoted as a full codebook.

Most of the research has been done for finding bounds and code constructions

for constant weight codes with particular minimum distances [44, 45]. Having higher

minimum distance increases the correctability of the codewords, yet it also increases

the codeword length and complexity of the mapper/demapper between input words

and codewords. For such a mapper, a dissection based geometric approach is proposed

in [46]. In [45], CWC constructions for Hamming distances 6, 8, 10 are proposed

by generalizing the class of CWC suggested by Bose and Rao [47]. Considering the

limitations of the nano-scale devices, mapping messages to codewords should be simple.

Hence, enumerative approach, as explained in [46], is applied in the system model for

the mapper and demapper. The codewords are ordered lexicographically and stored

in a look-up table. The mapper computes the table index from the input message

by calculating the decimal value of the message and maps the message to a codeword

in the table with the calculated index. At the receiver side, our proposed decoders

estimate the codeword from the noisy received series of molecules. Afterwards, the

lexicographic index from the codeword is calculated, as in [48], and demapping is

performed by converting the index to binary to have the received message.

The minimum possible Hamming distance among the constant weight codewords

is two. In the system model, CWC with minimum distance of two is implemented

to have the simple aforementioned mapper/demapper pair. Another advantage of
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not having a Hamming distance requirement is that ISI is not worsened much by

over-lengthening the codewords. The bandwidth expansion due to channel coding is

minimum thanks to not having a minimum distance requirement among the codewords.

It should be noted that the probabilities of having 0-bit and 1-bit in symbols are

equal at these input sequences but not in the codewords. By controlling the m value,

CWC allows diminishing the number of ones in the coded stream at the expense of

using longer sequences. The total number of possible binary k-bit input messages is

2k. For n > k, we can have n!
(n−m)!m!

different words with all of them having weight m.

For instance, for k = 12 bits, n = 16 bits are required to have at least 212 words with

weight 5. Then, the probability of ones is 5
16

, which is smaller than the uncoded weight

ratio of 0.5. By controlling the m parameter, probability of 1-bit can be controlled

and reduced to diminish input dependent noise and energy expenditure. In the system

model, low-weight CWC is employed as the channel coding method as a consequence

of these benefits.

2.3. Decoding Approaches

We consider four different decoding approaches. The first two, namely the thresh-

old and sorting based methods, have already been proposed for constant weight de-

coding in the literature. The other two methods, iterative sorting decoder and super

trellis based decoder, are the contributions of this work.

Constant Weight

Codeword Decoders

Heuristic Decoders

Threshold Sorting Iterative

Sorting

Optimal Decoders

Super Trellis

Figure 2.2: Constant weight decoding methods
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Our proposed methods address the detector block of the overall system as shown

in Figure 2.3.

Information
Source
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Mapper

Diffusion
Channel

Decoder

u
BCSK

Modulator
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Input dependent 
noise,

v

y

n

v̂û

Demodulator 
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Figure 2.3: System model block diagram

2.3.1. Threshold Decoder

From a computational complexity point of view, the simplest decoding method is

to compare the number of received molecules with a predetermined threshold. Because

of this convenience, threshold decoders are the most conventional methods for BCSK

in the literature [19,27,28]. Despite the fact that detection based on a given threshold

is easy, determining the threshold is not a trivial task at all. This is because the

parameters of the distributions of the received molecules depend on the previously

transmitted bits as well as the current one, as shown in (2.6), (2.7). Threshold decoding

for bit vi is given as

y[i]
v̂i=1

≷
v̂i=0

γ(vi−1), (2.8)

where γ(vi−1) is the optimal threshold for the bit sequence history vi−1. (2.8) means

the current symbol estimation v̂i is set to one if the received molecule count exceeds

the threshold; otherwise, it is set to zero. For optimal detection of bit vi given the

previous bits vi−1, the maximum a posteriori (MAP) probability decision rule can be
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written as

P [vi = 1 | vi−1] p(y[i] | vi−1, vi = 1)
v̂i=1

≷
v̂i=0

P [vi = 0 | vi−1] p(y[i] | vi−1, vi = 0),

(2.9)

where P [.] denotes the probability of having bit 1 or 0 at the current time slot i given

the bit history, and p(.) is the Gaussian distribution of the received molecule count, y[i],

that has mean and variance given in (2.6), (2.7). The reader should note that the prior

probability of having 1-bit or 0-bit at the current time slot is not equiprobable. Since

all codewords have constant weight, the prior probability of the current bit depends on

previous bits in the same codeword.

The optimal threshold for vi, given vi−1, is calculated by equating the left- and

the right-hand sides of (2.9) for y[i] = γ(vi−1). Then, (2.9) can be rewritten as

p(γ(vi−1)|vi−1, vi = 1)

p(γ(vi−1)|vi−1, vi = 0)
=
P [vi = 0|vi−1]
P [vi = 1|vi−1]

. (2.10)

The optimal threshold for a given bit history vi can be calculated using (2.10).

As the actual transmitted bit sequence cannot be known by the receiver, all possible

vi’s must be considered to calculate the optimal threshold for time slot i. This problem

is intractable to solve analytically, so numerical methods are used to find the optimal

threshold for time slot i in [40].

To have a single threshold value for all bit history vi, the probability of error can

be written in terms of the threshold γ, and then minimized with respect to it as

Pe(γ) =
∑
∀vi−1

P (vi = 0,vi−1)Q
(γ − µ0,vi−1

σ0,vi−1

)
+ P (vi = 1,vi−1)Q

(µ1,vi−1 − γ
σ1,vi−1

)
,

(2.11)
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where µθ,vi−1 denotes µ[i | vi = θ,vi−1] while σθ,vi−1 is σ[i | vi = θ,vi−1]. Minimizing

this function with respect to γ yields

∂Pe(γ)

∂γ
=
∑
∀vi−1

P (vi = 1,vi−1)N (γ∗;µ1,vi−1 , σ2
1,vi−1)

− P (vi = 0,vi−1)N (γ∗;µ0,vi−1 , σ2
0,vi−1)

= 0

(2.12)

As explained in [40], the expression above is again hard to solve analytically considering

all different vi−1. Alternatively, an empirical method can be followed to estimate the

threshold by transmitting training sequences, which would yield

γ̄ = E{γ(vi−1)} =
∑
∀vi−1

γ(vi−1)P (vi−1). (2.13)

In the provided simulation results presented in Section 2.4, the averaged threshold

is used considering its practicality for the devices operating in MCvD.

2.3.2. Sorting Decoder

As aforementioned, the input symbol duration ts in the system is chosen such

that p1 > p2 > ... > pL. The symbol duration can be increased so much that the

ISI is not experienced in the channel, i.e., p1 > 0 and p2 = p3 = ... = pL = 0.

The authors in [39] consider such an ISI-free molecular communications channel and

propose decoding constant weight codes by sorting the number of received molecules.

This decoder labels the topmost m time slots as 1-bit with respect to the received

molecule counts. Let the indices of the sorted time slots be j1, j2, j3, .., jn such that

y[j1] > y[j2] > y[j3] > .. > y[jn]. Then, the decoded sequence by the sorting decoder
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is given as

v̂[j1] = v̂[j2] = ...v̂[jm−1] = v̂[jm] = 1,

v̂[jm+1] = v̂[jm+2] = ...v̂[jn−1] = v̂[jn] = 0.

(2.14)

Although the sorting decoder achieves maximum likelihood sequence detection in

ISI-free channels, it is no longer optimal in channels with symbol durations considered

in our system, since all of these channels have ISI. However, it is a suitable option for

CWC decoding in MCvD as it is simple to implement at nano-scale, and it does not

require CSI. Moreover, the sorting decoder does not require sending long sequences of

training codewords unlike the threshold decoder.

2.3.3. Iterative Sorting Decoder

As explained in the previous part, sorting is an optimal solution at extremely

low communication rates. However, for realistic rates, the effects of the ISI is greatly

amplified in MCvD channels. This substantially degrades the decoding performance

of the sorting method. As it has been shown by (2.6) and (2.7), previous codeword

symbols affect the mean and the variance of the received molecule count for current

symbols. Sorting method determines a set of cardinality m as bit-1 indices in the

constant weight codeword. This selection can be used to compute ISI and then remove

it from the received signal. So, the derived problem gets closer to the case where there

is no ISI and the sorting decoder is optimal. Therefore, it is expected that sorting the

signal after subtracting the estimated ISI effects results in better estimation. Surely,

this depends on the accuracy of the ISI estimation, thus the accuracy of the initial

sorting. Accuracy of each estimation can be calculated using the MAP distance metric

for molecular communication, which is given as

v̂ = argmax
v

p(y|v)p(v). (2.15)
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Here, v denotes a valid codeword from the codebook. The constant codewords

that are in a full codebook are equally likely, so we can remove p(v) to obtain

v̂ = argmax
v

p(y | v)

(a)
= argmax

v

n∏
i=1

p(y[i] | yi−1,v)

(b)
= argmax

v

n∏
i=1

1√
2πσ2[i]

exp

(
−(y[i]− µ[i])2

2σ2[i]

)

(c)
= argmax

v

n∑
i=1

−(y[i]− µ[i])2

2σ2[i]
− 1

2
ln
(
2πσ2[i]

)

= argmin
v

n∑
i=1

(y[i]− µ[i])2

σ2[i]
+ 2 ln (σ[i]) .

(2.16)

In equality (a) of (2.16), the chain rule is used. Although y[i] depends on the past,

y[i] becomes independent of yi−1 when v is known, as explained in [49]. This reduces

the expression to the equality (b). In equality (c) of (2.16), the monotonicity of the

natural logarithm is used and the constants that are not dependent on the hypothesis

sequence v are removed. It should be noted that the mean and the variances in (2.16)

are conditioned on v and computed by (2.6) and (2.7). Consequently, MAP distance

or improbability between any received sequence y and a codeword vA is given as

d(y,vA) =
n∑
i=1

(y[i]− µA[i])2

σ2
A[i]

+ 2 ln (σA[i]) . (2.17)

Here it must be noted that vA is not any codeword but a constant weight codeword as

we already dropped the prior term in (2.15).

As long as the estimation quality is improved through this operation, it can be

repeated until two successive iterations produce the same estimation for the sequence or

the maximum number of iterations is reached. Thus, the stopping conditions are either
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(i) having increased distance in consecutive iterations, (ii) having same estimation in

consecutive iterations, or (iii) reaching maximum iteration number. The algorithm

initializes with equating the array that will be sorted to the received molecules counts.

The whole iterative sorting decoder algorithm is provided in Figure 2.4.

Input: y, m, CSI, maxIter

Output: v̂

1: Initialisation : ŷ ← y

2: for i = 1 : maxIter do

3: v̂′ ← SortingCWDecoder(ŷ, m)

4: d′ ← Distance(r, v̂′)

5: if i == 1 or (v̂′ 6= v̂ and d′ ≤ d) then

6: ISI ← CalculateISI(v̂′, CSI)

7: ŷ ← y − ISI

8: d← d′

9: v̂ ← v̂′

10: else

11: break

12: end if

13: end for

14: return v̂

Figure 2.4: Algorithm for Iterative Sorting Decoder

Instead of the stopping conditions defined on line 5 in the algorithm in Figure

2.4, a fixed number of iterations may also be applied. However, this fixed iteration

number would be dependent on the channel. An example with a severe ISI condition

with ts = 0.1s, is given in Figure 2.6. In this example, the frame error rate starts

to converge after 5 iterations. However, for less challenging channels, even two itera-

tions are generally sufficient. Stopping conditions in the algorithm in Figure 2.4 avoid

unnecessary iterations that do not improve performance.
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Figure 2.5: Iterative Sorting Flowchart

Figure 2.5 illustrates the iterative sorting flowchart. Sorting and ISI correction

phases repeat as distance metric decreases until the same sequence is obtained in con-

secutive iterations.
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stages

Since all estimated sequences of regular sorting have weight m, any bit-0 trans-

mission and bit-1 detection (0 → 1 error) means that there is a corresponding 1 → 0

error in the estimated codeword as well. The probability of 0 → 1 type error at time
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slot i by the initial sorting decoding is denoted by p(v[i] = 0, v̂s[i] = 1), where v̂s is

the sorting decoder estimation of iteration s.

Lemma 2.1. Provided that 0 → 1 error occurs at time slot i for i > 1 and at any

sorting iteration s, the probability that codeword symbol at (i − 1) is also decoded as

1 by the sorting decoder of the same iteration is greater than or equal to 0.5 for all

transmitted codeword sequences until index (i− 1).

Proof. The proof starts with defining a lower bound for the probability in Lemma 2.1.

p(v̂s[i− 1] = 1 | v[i] = 0, v̂s[i] = 1, vi−11 )

(a)

≥ p(y[i− 1] > y[i] | v[i] = 0, v̂s[i] = 1, vi−11 )

= p(y[i− 1]− y[i] > 0 | v[i] = 0, v̂s[i] = 1, vi−11 )

= p(z[i] > 0 | ξ), ∀i > 1, ∀vi−11

(2.18)

Here, the transmitted codeword bit sequence from index 1 to (i−1) is denoted by vi−11

and the joint condition set is denoted by ξ. Inequality in (a) is a direct consequence

of the sorting decoder. Since the noise samples are independent for a given codeword

sequence and Gaussian distributed, their difference, denoted by z[i], is also a Gaussian

random variable. The mean and the variance of this distribution can be written in

terms of (2.6) and (2.7) as

µz[i | ξ] = µ[i− 1]− µ[i], (2.19)

σ2
z[i | ξ] = σ[i− 1]2 + σ[i]2. (2.20)
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Since v[i] = 0, there is no contribution of the p1 term in µ[i] calculation. Thus,

the difference of consecutive means can be computed as

µ[i− 1] = p1vi−1 + p2vi−2 + ...+ pi−1v1

µ[i] = p2vi−1 + p3vi−2 + ...+ piv1

µ[i− 1]− µ[i] = (p1 − p2)vi−1 + (p2 − p3)vi−2 + ...

...+ (pi−1 − pi)v1.

(2.21)

All of the coefficients of µ[i− 1]− µ[i] are positive due to the decreasing channel taps,

which is a result of the chosen sampling interval. Considering µz[i | ξ] ≥ 0 and p(z[i] | ξ)

is a Gaussian, p(z[i] > 0 | ξ) > 0.5 for any vi−11 except all-zero vector. For the all-zero

vi−11 , this probability is equal to 0.5. Thus, p(v̂s[i− 1] = 1 | ξ) ≥ 0.5 for all vi−11 as well.

This concludes the proof.

Theorem 2.2. The received number of molecules of the codeword bits that have 0→ 1

type sorting errors are decreased, ŷs+1[i] < ŷs[i], by the next iteration’s ISI removal

phase of the iterative sorting with a probability greater or equal to 0.5 for all codeword

sequences until index (i− 1).

Proof. The statement in the Theorem 2.2 is written mathematically as follows:

p(ŷs+1[i] < ŷs[i] | v[i] = 0, v̂s[i] = 1,vi−11 ) ≥ 0.5,

∀i > 1,∀vi−11

(2.22)

Equation (2.22) can easily be proven by using Lemma 2.1. Lemma 2.1 states in case of

0→ 1 error at time slot i, the probability of detection of preceding bit as 1 is greater

or equal to 0.5 for all bit sequences until (i− 1). Then, with the same probability, the

received molecule count at index i is lowered in the next iteration due to the removal

of estimated ISI caused by decoded 1-bit at (i− 1).
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It has been shown that the molecule count that yields 0 → 1 error at sorting

iteration s is decreased at least by p1 ∗N at the ISI removal phase of the next iteration

with a probability greater or equal to 0.5. After this removal of molecules, the sorting

at next iteration has higher probability of avoiding 0→ 1 error at time slot i.

Corollary 2.3. By combining Lemma 1 and Theorem 1, a more accurate lower bound

is given as

p(ŷs+1[i] < ŷs[i] | ξ) ≥

1

2
erfc

(
µ[i− 1]− µ[i]√

2(σ2[i− 1] + σ2[i])

)
≥ 0.5,

(2.23)

where ξ is the same joint condition set in (2.18).

Proof. It was shown that p(ŷs+1[i] < ŷs[i] | ξ) ≥ p(z > 0 | ξ) and

p(z > 0|ξ) =
∫∞
0

1√
2π(σ[i−1]2+σ[i]2)

exp
(
−(z−µ[i−1]+µ[i])2
2(σ[i−1]2+σ[i]2)

)
. By equating t to z−µ[i−1]+µ[i]√

2(σ[i−1]2+σ[i]2)

in the complementary error function definition, erfc(x) = 2√
π

∫∞
x
e−t

2
dt, the above state-

ment is proven.

An example of sorting decoder outputs at each iteration is provided in Figure 2.7.

The colored bits at the first subplot are the actually transmitted ones and the received

molecule numbers are shown in the second subplot. The first iteration of the sorting

decoder detects colored bits of second subplot as 1-bit and others as 0-bit. Then, at

each iteration, ISI is calculated using the decision of previous iteration and is removed

from the received sequence of molecules. Decisions after iteration 4 and 5 are the same,

which concludes the algorithm and outputs the latest decisions.

2.3.4. Super Trellis Decoder

Computationally inexpensive suboptimal and heuristic methods seem feasible for

nano-machines, considering computation capabilities of these devices. Micrometer sized

machines, which have higher computation abilities and power, can have better error
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Figure 2.7: An example of iteration sorting process where ts = 0.1s

rate values by deploying optimal decoders. MAP state sequence estimation is a well

known optimal decoding method that would be useful in such a setting.

Consider the state sequence x to have a one-to-one correspondence with codeword

v. In this case, codeword that maximizes p(y|v) can be found by maximizing p(r|x).

Thanks to this one-to-one correspondence between codewords and state sequences, the

MAP estimation problem in (2.15) can be reformulated as

v̂ ⇔ x̂ = argmax
x

p(y,x). (2.24)

Furthermore, if the observations at the channel output depend only on the current

state transition and the state sequence is a Markov process, the joint probability of the
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states and the received samples can be simplified to

p(y,x) =
k∏
i=1

p(y[i]
∣∣∣ x[i+ 1], x[i])

k∏
i=1

p(x[i+ 1] | x[i]). (2.25)

Note that the product on the left in (2.25) is the likelihood and the one on the

right is the prior probability. Arguments that maximize (2.25) minimize its negative

natural logarithm. This term can be written as the sum of the MAP branch metric of

the state transitions [50] as

− ln p(y,x) =
∑

δ(x[i], x[i+ 1]), (2.26)

δ(x[i], x[i + 1]) = − ln p(y[i] | x[i + 1], x[i]) − ln p(x[i + 1] | x[i]), (2.27)

where δ(x[i], x[i+ 1]) is the MAP branch metric.

In the conventional Viterbi equalization case where ISI channel has length L and

transmitted bits are equally likely, x holds previous L − 1 codeword symbols, vi−1i−L+1,

that affect the current received symbol. In the conventional case, this is enough to

form a Markov model since
∏
∀i
p(y[i] | v) =

∏
∀i
p(y[i] | x[i + 1], x[i]) and

∏
∀i
p(v[i] | v) =∏

∀i
p(x[i+1]|x[i]). The latter equation holds because the symbols are equally likely in the

ordinary case, so are the state transitions. However, to be able to construct a Markov

model in our system model, the states should also contain the necessary information

to calculate the likelihood of state transitions. This is because symbol probabilities

of constant codewords change according to weight realization until the time instance i

inside the codeword. Once the states incorporate L− 1 codeword symbols and weight

realization information, current and next state become sufficient to calculate both the

likelihood and prior probability. This enables formulating p(y,v) as in (2.25). The aim

of the work done is to construct a super trellis diagram of joint states that incorporate
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both ISI and the constant weight constraints so that Viterbi algorithm is applicable on

this trellis. The proposed technique provides joint equalization and channel decoding.

The main constraint in constant weight codes is the unvarying number of ones

in each codeword. The total number of ones seen up to a particular time slot i in a

codeword should always be less than or equal to the codeword weight. Similarly, the

total number of ones seen up to a particular time slot i is less than or equal to the

total number of ones seen up to the next time slot i+ 1, i.e.,

ws[i] =
i∑

j=1

v[j] ≤
i+1∑
j=1

v[j] ≤ m, ∀i < n. (2.28)

If a trellis diagram is drawn only for this weight constraint, the total number of

ones until time slot i together with i define the state of that trellis. The number of

states at each i in this trellis is one more than the constant codeword weight, since

zero is another possible total weight until time slot i, thus a valid state. We call

the coordinates of weight trellis, (i, ws[i]), as weight states, q[i]. Having defined the

weight states, the possible weight state transitions from a particular weight state can

be determined by whether the maximum allowed number is reached or not. If the

codeword weight is already reached, the state is (i,m), and the only possible state

transition is to state (i+ 1,m). The weight trellis diagram for codeword length n = 7

and codeword weight m = 3 is shown in Figure 2.8. A possible state sequence in such a

trellis is illustrated as a red path in Figure 2.8. The frame is decoded as [0, 1, 0, 1, 1, 0, 0]

if this is path is chosen by the proposed detector.

The trellis explained above forces all decoded codewords to have the same weight.

In a full codebook, all of such constant codewords are included with equal probability,

therefore the product on the right in (2.25) can be removed from the MAP calculation

of all possible codewords. If the Viterbi branch elimination takes place inside the trellis

instead of evaluating all possible constant codewords at the end, the prior probabilities

need to be taken into account.
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Figure 2.8: An example of decoding on the weight trellis

Mathematically, the joint state x[i] can be written as (vi−1i−L+1, q[i]). Then the

branch metric in (2.27) can be reformulated as

δ(x[i], x[i+ 1]) =

(
y[i]− µ[i | x]

)2
σ2[i | x]

+ 2 ln (σ[i | x])

− ln(P (x[i+ 1] | x[i])),

(2.29)

where µ[i |x] := µ
[
y[i] |x[i], x[i+1]

]
and σ[i |x] := σ

[
y[i] |x[i], x[i+1]

]
. P (x[i+1] |x[i] is

the codeword symbol probability at i and it can easily be calculated thanks to weight

state (i, ws[i]). The probability of having 1-bit at i+ 1 is m−ws[i]
n−i .

A portion of the complete trellis diagram is illustrated in Figure 2.9. The joint

states are composed of weight states and ISI states. We illustrate the ISI states inside

the weight states to form joint states. Path elimination of the Viterbi algorithm takes

place when two paths combine in the same joint state. Branch metrics in (2.29) are

accumulated to find likelihood of the paths. Some examples of such intersections are

shown in Figure 2.9 with red circles.

In practice, the proposed decoding can be implemented by defining a joint state

such as state := {weight state, ISI state}. A path is composed of joint state transi-

tions from the beginning. Paths array keeps record of all possible paths until time slot
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i. Likewise, the sum of those state transitions’ branch metrics are recorded in another

array named Costs. At each transition from i → i + 1, each path in the Paths array

is updated by adding a new state or states, if the last weight state allows. Then, the

last states of the paths of updated Paths array are checked. If there are paths that

have exactly the same state in their last node, the one that has higher cumulative cost

in Costs array is eliminated. For the n = 7,m = 3 constant weight code and L = 3,

the Paths array for i = 0, 1, 2 and 3 are shown as

Paths[0] =
[
{0, 00}

]
,

Paths[1] =

{0, 00} → {0, 00}

{0, 00} → {1, 10}

 ,

Paths[2] =


{0, 00} → {0, 00} → {0, 00}

{0, 00} → {0, 00} → {1, 10}

{0, 00} → {1, 10} → {1, 01}

{0, 00} → {1, 10} → {2, 11}

 .

Paths[3] =



{0, 00} → {0, 00} → {0, 00} → {0, 00}

{0, 00} → {0, 00} → {0, 00} → {1, 10}

{0, 00} → {0, 00} → {1, 10} → {1, 01}

{0, 00} → {0, 00} → {1, 10} → {2, 11}

{0, 00} → {1, 10} → {1, 01} → {1, 00}

{0, 00} → {1, 10} → {1, 01} → {2, 10}

{0, 00} → {1, 10} → {2, 11} → {2, 01}

{0, 00} → {1, 10} → {2, 11} → {3, 11}



.

(2.30)

Please note that the possible paths increased exponentially until i = 3; however, the

path collisions take place and eliminations are performed based on costs starting from

the i = 4. This facilitates the computational cost of the algorithm. The whole Viterbi
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based sequence estimation algorithm on the super trellis is given in Appendix A.
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Figure 2.9: A part of the complete trellis diagram for n = 7, m = 3 and L = 3

Both iterative sorting and super trellis decoders can be considered as a combina-

tion of forward error correction and receiver side ISI mitigation techniques, since the

proposed receivers utilize the information that the codewords have constant weight.

Super trellis decoder performs joint ISI cancellation and constant codeword decoding

by finding the constant codeword that maximizes the probability in (2.15). Since super

trellis decoder method provides MAP sequence estimation, it is the optimal solution.
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(a) FER for ts = 0.2s
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(b) FER for ts = 0.5s

Figure 2.10: Frame error rate curves for different decoding methods
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2.4. Performance Evaluation

2.4.1. Performance of CWC Decoders

The effectiveness of the proposed decoding methods is evaluated via computer

simulation. First set of evaluations are carried out to exhibit the frame error rate

performance of alternative CWC decoding methods. The environment is modeled as

an unbounded 3-dimensional space. As aforementioned, collisions among the messenger

molecules are ignored and the parameters for the channel are chosen as D = 79.4µm2/s,

rr = 5µm, r0 = 10µm. The Monte Carlo simulations are carried out for two different

input symbol duration values, ts = 0.2s and ts = 0.5s. The frame error rates (FER)

are obtained for different numbers of transmitted molecules at 1-bit for each method.

The results are averaged by transmitting 105 frames. Frames are generated by mapping

k = 12 long input words to n = 16 long codewords by using CWC (k = 12, n = 16,

m = 5) for all decoding methods. The sampling rate and the transmitted molecule

counts for coded transmissions are normalized with a factor of k
n
. The channel taps for

two different symbol durations after the normalization are shown in Figure 2.11.

Figure 2.11: Channel taps for uncoded ts = 0.2s and ts = 0.5s
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(c) FER for ts = 3s

Figure 2.12: Frame error rate curves for different channel coding methods
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Figure 2.13: Frame error rate for different distances, r0

0 5 10 15 20 25 30 35

Counting Noise Variance

10
-6

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

F
ra

m
e

 E
rr

o
r 

R
a

te

MEC
Hamming
Iterative Sorting
Super Trellis

Figure 2.14: Frame error rate for different counting noise variances
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The performance superiority of the proposed decoding schemes over the conven-

tional decoders is shown in Figure 2.10a and Figure 2.10b. For ts = 0.2s, ISI is severe

and coding degrades the channel further because of the sample duration normalization.

For this channel, CLWC does not perform better than the uncoded case if conventional

decoders are used. This is a consequence of the noise reduction achieved by employing

CWC not being able to compensate for the adverse effect of normalization on the hit-

ting probabilities. Another remark is that increasing the power does not change FER

considerably for both uncoded and CLWC with conventional decoder cases. Conversely,

utilizing suboptimal iterative sorting decoding at the receiver side decreases FER sub-

stantially. The effect of ISI is lowered, and the error reduces notably with increased

power. As expected, using optimal super trellis decoder at the receiver decreases FER

further compared to the iterative sorting method. It approximately achieves the same

FER values of iterative sorting requiring only half the power.

For ts = 0.5s, the channel experiences less ISI compared to the previous channel,

so CLWC with sorting method produces lower FER compared to the uncoded transmis-

sion. Threshold decoding detection is still worse, since ending up with a valid codeword

is not guaranteed after thresholding unlike the sorting decoding if the used codebook

is full. By applying iterative sorting, fewer frame errors are encountered compared to

only sorting once. It is again verified in this channel that super trellis decoder yields

the best FER results.

2.4.2. Performance of Forward Error Correction Methods

The error rate performance of joint usage of CLWC and proposed decoding meth-

ods are compared with Hamming and MEC codes, which are suggested to be used

together with CSK modulation in literature [19]. Environment parameters are same

as described in 2.4.1, except r0 = 15µm. CWC (k = 4, n = 7, m = 2), Hamming (7,

4) and MEC(M = 16, d = 3) are simulated in the described environment by trans-

mitting 106 frames for ts = 1s, ts = 2s, and ts = 3s. For Hamming and MEC, zero

forcing equalizer is added to the receiver due to the presence of ISI. The results of
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these channel coding methods are confirmed to be much poorer without equalization.

As seen in Figure 2.12a, the performances of CWC with iterative sorting decoding and

Hamming coding are similar at ts = 1s while CWC with super trellis results in supe-

rior performance. Having longer symbol intervals, in other words experiencing less ISI,

benefits more to CWC with iterative sorting decoding compared to Hamming coding

as shown in Fig 2.12b and 2.12c. For ts = 3s and number of molecules per information

symbol greater or equal to 200, no frame error is observed in the simulation when

the CWC decoding is performed by super trellis method. In all simulated sampling

time configurations, CWC with super trellis decoding yields the best error performance

whereas MEC results in the poorest error figures. All evaluated channel codes map

input messages of length 4 to codewords of length 7 for Hamming and CWC, length

31 for MEC as described in 2.4.1. Due to the fact that codewords of MEC are lengthy,

MEC experiences more ISI compared to CWC and Hamming after sample duration

normalization. This explains the inferior performance values of MEC.

2.4.3. Effect of Distance on Performance

Another simulation is performed to evaluate the effect of distance between trans-

mitter and receiver on the performance of alternative channel coding techniques. The

environment parameters and the evaluated alternative channel coding methods are the

same as explained in Section 2.4.2. The number of molecules per information symbol

is set to 300 and ts = 1s in the analysis. For all simulated distances, CWC with super

trellis decoding achieves the best error performances whereas MEC gives the poorest

results which is in agreement with the results in Section 2.4.2. For r0 shorter than

15µm, CWC with iterative sorting achieves better performance than Hamming coding

while Hamming coding give similar but slightly better performance for longer distances

(see Figure 2.13).
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2.4.4. Effect of Counting Noise on Performance

Apart from the input dependent noise, counting noise exists in the system model

to represent the receiver molecule counter imperfection, (see (2.7)). Under different

counting noise variances, forward error correction methods in Section 2.4.2 are com-

pared. The environment variables are the same as in Section 2.4.2 except ts = 2s and

the information sample molecule count is set to 300. As expected, increasing counting

noise adversely affects the error performances of all methods. Proposed CWC with

iterative sorting and super trellis achieve superior error performance in all counting

noise levels (see Figure 2.14).

The proposed methods outperform the conventional threshold and sorting de-

coders for CWC. CWC with proposed decoding techniques also outperform Hamming

and MEC as alternative channel coding methods in terms of error rates. The cost

of this improvement is CSI and the computational complexity of the methods at the

receiver.

2.5. Complexity Discussion

As well as performance, computational complexity is another important criterion

for the deployment of the proposed methods. Iterative sorting method requires selecting

m largest elements in an n-long array of received molecule counts at each iteration.

This could be done by sorting the whole array and selecting the maximum m values.

In this case, the time complexity is O(n log n). Alternatively, a more efficient method,

selection in worst case linear time [51], can be utilized to find mth greatest element, and

then all elements can be compared to find remaining (m− 1) greatest elements. Time

complexity of this selection method, which is also known as BFPRT algorithm, is O(n)

and comparing all other elements with a single value is another O(n). Therefore, total

time complexity of the proposed iterative method is O(|s|n), where |s| is the number

of iterations. Space complexity of BFPRT selection is Θ(log n) [52]. However, iterative

selection method also stores previous iteration’s estimated sequence. Therefore, total
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space complexity of iterative decoding method becomes Θ(n + log n), hence Θ(n).

Second proposed method, super trellis, uses Viterbi algorithm, which is known to

have time complexity proportional to total edge count [50, 53] and space complexity

proportional to state count [50]. In the proposed super trellis algorithm, there are two

edges incoming and outgoing from each joint state, x; one for 0-bit and the other for

1-bit. Therefore, the time complexity is O(2|x|n) so O(|x|n), and the space complexity

is O(|x|n) where |x| is the total number of joint states. The total number of joint states

is determined by the constant weight of the codewords and the number channel taps.

Consequently, |x| is equal to m times 2(L−1) in the worst case, where L is the number

of channel taps. Although this computational complexity is not feasible for nanoscale

devices, this method can be implemented in the nodes that have higher computational

capability in a multi-scale communications scenario. Moreover, optimal super trellis

constitutes a bound for the performance of other receivers, which is useful in judging

how they perform.

2.6. Transmitter Side Approaches

Both of the proposed iterative sorting decoder and super trellis decoder meth-

ods are receiver side methods as shown in Figure 2.3. Alternatively, transmitter side

approaches can be performed to increase error rate performances.

2.6.1. Molecule Count Adjustment at the Transmitter

The significant amount of molecules that are sent by the transmitter reach to the

receiver in the following time slots of the allotted time. When the consecutive ones

are sent, those late arriving molecules add up and may lead to false one for a zero

following them. To solve this, number of molecules that represent an input one can be

decreased if it is preceded by other ones. Aim is to result same number of molecules

in the receiver for each one sent by the transmitter. Thus, sorting receiver would not

be deceived by ISI. Rather than using the full channel information, a simplistic model

of the channel can be assumed to be possessed by the transmitter.
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For modeling the channel first linear regression has been investigated. However

the goodness of fit is not satisfying. Alternatively, exponential function fitting has been

carried on and root mean square error is seen to be decreased to significantly compared

to the linear fit. Figure 2.15 show the exponential modeling and goodness of fit values.

Figure 2.15: Exponential curve fit for ts = 0.2s channel

If the channel is modeled as h[n] =
∑l

n αe
b, where b < 0 for decreasing channel

taps, the interference of the value one to the following symbol becomes A = eb. Then

if input one is wanted to be sent in the next interval, this one needs to represented by

(1−A) number of molecules. Thus the interference is transformed from destructive to

constructive for the communication.

For example, let 3 consecutive ones are sent and each one is represented by N

molecules. Without power adjustment 3N molecules are needed and they will not

received with the similar number of molecules at the receiver due to the effect of ISI.

However with exponential channel modeled power adjustment, the needed number of
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molecules for transmission becomes

N +N(1− A) +N − (NA2 +N(1− A) ∗ A) = 3N − 2A. (2.31)

Both destructive effect of ISI is converted to constructive interference and power

efficiency is achieved. The remaining power, 2A, can be used to normalize molecule

levels that represent ones so the codewords become more robust to the noise.

For a given b parameter of the channel, the values of rows of the constant weight

channel coding construction matrix are updated once and these codewords are used for

mapping then.

The proposed method is simulated in the same noise and ISI constrained channels

with sorting decoder. Figure 2.16 shows that BER decreases significantly when this

power adjustment is applied compared to the case where same number of molecules

are sent for each ones.
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Figure 2.16: BER graph of CWC molecule count adjustment for ts = 0.5s.
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2.6.2. Doubly Constant Weight Coding

Doubly constant weight codes are defined as binary constant weight codes with

length n1 + n2, where the first partition of n1 coordinates has constant weight m1 and

the second partition of n2 coordinates has constant weight m2. Let us denote such codes

with minimum Hamming distance d as DCWC(n1, m1, n2, m2, d). If minimum distance

is 2, all vectors satisfying the explained weight requirements are valid codewords and

such a code is denoted as DCWC(n1, m1, n2, m2). Doubly constant weight codes

are useful in finding the bounds of the regular constant weight codes [54]. Since the

weight of all codewords of doubly constant weight codes are m1 + m2, all doubly

constant weight codes are indeed a constant weight code with an extra property. We

experimented whether this additional property of the code structure can be utilized for

better decoding assuming that the receiver possesses the information of this property.

l = 12

l = 20,w = 4

l = 12GAP

l = 10, w = 2 GAP

GAP

l = 10, w = 3

.  .  .

.  .  .

GAPUncoded

Single CWC

Doubly CWC

Figure 2.17: Compared CWC and DCWC configurations.

As an example, consider the case where the length of uncoded information blocks

are 12. Since 212 ≤
(
20
4

)
, these input sequences can be coded by codewords with the

length 20 and the constant weights of 4. Alternatively, constant weight codewords can

be splitted into 2 parts, where the first partition has constant weight 2 and the second

partition has constant weight 3, as 212 ≤
(
20
4

)
≤
(
10
2

)
∗
(
10
3

)
. Both partitions have

less number of ones compared to the whole codeword in the classical CWC case. The

likelihood of the large number of consecutive ones is diminished by this partitioning.

However, since some of the codewords of the classical CWC cammot be used, the

total weight increases in order to span same number of codewords as the classical

CWC. As a result of this, the total number of weights increases from 4 to 5. That
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increase of weight affects ISI adversely but provides additional information for the

receiver. Furthermore, since the model assumes gaps between the codewords, having

high weight partition at the second part is more logical in terms of ISI. Therefore,

a comparison is designed between single and doubly constant weight codes, formally

defined as CWC(n = 20, m = 4) and DCWC(n1 = 10, m1 = 2, n2 = 10, m2 = 3),

respectively. The experimented CWC and DCWC configurations are illustrated in

Figure 2.17. As a decoding algorithm, sorting decoder is utilized in the experiment for

the both coding schemes. For the DCWC, the sorting decoder is performed in the both

partitions for the weights 2 and 3, respectively.

Figure 2.18 shows FER for both CWC(n = 20, m = 4) DCWC(n1 = 10, m1 = 2,

n2 = 10, m2 = 3) for different sampling periods. and The severe ISI case, where

uncoded ts = 0.12s, the superiority of DCWC over CWC in terms of FER is seen

in Figure 2.18a. As the uncoded ts increases so ISI eases, the advantage of DCWC

disappears and eventually the performance of DCWC becomes worse than CWC due

to increased number of weights. These results experimentally shows the trade-off of

increased weights and additional information for the decoding.

2.7. Discussion

Two novel CLWC decoding methods are proposed for the MCvD channels in this

chapter. In the literature, mostly low weight codewords have been proposed as channel

coding for MCvD due to their power efficiency for nanodevices in case they are used

together with OOK. Due to the fact that only transmission is done at ones in OOK,

using low weight codewords is advantageous for diminishing ISI in MCvD channel as

well. For channel coding CLWC are proposed in this study, since the information that

codewords have the same weight can be utilized by the decoder. For the first time in the

literature, specialized decoding algorithms are proposed for CLWC in MCvD channel

with ISI. First, the MCvD channel model is described and CLWC is presented as coding

strategy. Then, two different decoding methods, threshold based and sorting decoders

are summarized. Afterwards, a heuristic iterative sorting decoder is presented, and
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Figure 2.18: FER results for doubly and single constant weight coding.

the probability of interference reduction at each iteration is examined. Lastly, optimal

super trellis decoder is proposed. Constant weight of the codewords are taken into

account in addition to ISI, and combined states are formed. Viterbi algorithm is then

applied for maximum likely sequence estimation.

The simulation results show substantial reductions in frame errors by applying

the proposed decoding methods. Both methods perform better than the decoding

methods in the literature for two different channels with uncoded ts = 0.2s and ts =

0.5s. In addition, CLWC with proposed decoding methods show superior performance
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compared to the alternative channel codes for MCvD with CSK under different sample

durations, distances and counting noise levels. As expected, the performance of the

optimal super trellis method is superior to the other methods at the expense of increased

computational complexity at the decoding stage. Depending on channel condition

and the computation power at the decoder, one of the two proposed methods can be

employed for CLWC decoding at MCvD for improving error performance significantly.

In addition to decoding approaches, transmitted sequence molecule count adjust-

ment and doubly constant weight coding experiments have been carried out. Although

some performance enhancement can be achieved with these methods, we prioritize de-

coder side approaches as the transmitter devices are assumed to be simpler in nano

environments [21] and also in our system model.

Our work explained in this chapter is published in [55].
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3. METHODS FOR VISIBLE LIGHT

COMMUNICATIONS CHANNEL

3.1. Introduction

VLC is a short range optical wireless communication technology that uses visible

light for data transmission. In VLC, information is transmitted with an intensity

modulation of visible light at a higher rate than a human can perceive [56]. Visible

light spectrum offers hundreds of terahertz of unlicensed bandwidth [10, 56] whereas

radio frequency spectrum is becoming more scarce each day with the increasing traffic

demand. This is one of the motivations for researchers to study VLC.

As transmitters, mostly LEDs are used in VLC. Fast switching ability of LEDs

and their increasing prevalence in indoor lighting enable VLC to attain high data rates

with the existing illumination infrastructure. The receiving end devices are either

photodetectors or image sensors. Photodetectors can transform received light into

current with high sampling rate [10]. Since LEDs are already installed for illumination

and photodetectors are comparatively cheap communication receivers [57], the cost of

device investment is low in VLC. In addition, energy for propagation is already spent

for illumination, therefore no extra energy is consumed for communication. Due to

those advantages, VLC is considered as a strong complementary or substitute to RF

based communication for certain applications.

Although the main use case for VLC is considered to be high-speed indoor down-

link communications, VLC is envisaged to have numerous applications such as indoor

localization, device to device communications and vehicular communications [56], [10],

[58]. Since VLC is used with as a side benefit of existing luminaries in indoor applica-

tions, it has to satisfy the requirements of perceived light. This dual use of LEDs results

in challenges for VLC. First, VLC methods should support dimming since a user may

want to change illumination of the environment in practice. Proposed VLC systems
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should support at least a set of different illumination levels. In the literature, different

modulation methods are proposed to be able to support dimming as well. Well known

OOK is modified in the Standard IEEE 802.15.7 [59] such that either compensation

symbols are added or ON amplitude of OOK is adjusted to provide desired brightness.

OOK with non-data compensation symbols is called Variable OOK (VOOK) [60] in the

literature. Despite OOK is known to be a simple technique to implement, it is shown

that more than 200Mbps can be achieved with Non-Return-to-Zero OOK [61] [62].

Second challenge of VLC is the flicker mitigation. Flicker is a noticeable fluc-

tuation in light brightness. Flicker caused by modulation must be mitigated so that

the harmful physiological effects of flicker is not experienced by the users. To mitigate

flicker, changes in brightness should be faster than a human can perceive. Some modu-

lation techniques such as pulse-position modulation (PPM) or return-to-zero OOK (RZ-

OOK) help mitigating flicker since average power over time is constant. However, these

methods are not spectral efficient, therefore achievable data rates are lower [58], [10].

To avoid long runs of same brightness level, utilizing coding is proposed in the litera-

ture. Run length limited, such as Manchester codes, 4B6B, codes are proposed to avoid

long runs of 1s and 0s in the VLC standard [59]. As forward error correction (FEC)

codes, shorter and low complexity codes are preferred over advanced codes [63]. In the

VLC standard, Reed Solomon (RS) or Convolutional Codes (CC) are proposed with

respect to different application areas [59]. FEC codes are combined with RLL codes

to support also flicker mitigation. In [64], constant weight codes for dimming control

is proposed.

Channel modeling is another research topic in the VLC literature [65], [66]. Hav-

ing realistic VLC channel models is critical for system design, therefore IEEE802.15.7r1

Task Group has endorsed reference channel models for indoor environments [67]. Us-

ing ray tracing methods, it is determined that there are large number of reflections

besides the line of sight (LOS) component. Thus, intersymbol interference is experi-

enced when symbol period is less than the multipath delay spread. This study utilizes

these realistic reference channel impulse responses to simulate the performance of the
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proposed method. Another integral part of channel modeling is noise modeling. The

main noise types in VLC are ambient light noise, shot noise and thermal noise. Shot

noise is generated by the random nature of photon collection in the photodetector. Due

to Poisson process of photon collection [10], the variance of collected photons depends

on the average value. This constitutes the input-dependent nature of the shot noise.

On the other hand; thermal noise, which is caused by the signal pre-amplification in

photodetector, and the ambient noise are considered to be input-independent. Many

publications assume only the input-independent part of the noise in their models, but

we employ both terms in our channel model for being more accurate as in [68].

Considering dimming support, flicker mitigation, reducing error rate and low com-

plexity constraints of VLC communication system, we advocate optimizing the whole

system as an end-to-end solution rather than separate modules. This challenging task

requires modeling transmitter and receiver as complex transformations and optimizat-

ing many parameters of the transformations to decrease defined loss. Deep learning

models are proven methods to approximate complex transformations through compo-

sition of simple operations [69]. Deep learning eliminates the need of hand-crafted

feature engineering by automatically extracting high-level features from data directly.

Neural networks and specifically deep learning has gained significant popularity in com-

munications literature as well. Network optimization, network traffic control, indoor

localization and signal processing are some application areas where researchers make

use of deep learning [69]. Closer to the focus of our work, deep learning is also used

for channel decoding and detection in the literature. In [70], an improved version of

belief propagation is proposed. The authors unfold Tanner Graph into a dense neural

network and extend the BP algorithm by assigning weights to the edges. Then, they

applied conventional training methods of deep learning. In [71], a convolutional neural

network (CNN) is used to estimate noise more accurately in the presence of correlated

noise to increase the performance of the BP decoder. In [72], the authors suggest

using an autoencoder as an end-to-end communication system. The transmitter and

receiver, which are modeled as dense neural networks, are jointly optimized [72]. The

authors also proposes radio transformer networks (RTN), which provides correction for
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estimated channel impairments. Channel impairment parameters are learned with a

neural network and then compensated by RTN. In [73], the authors extend the idea

of RTN and show with software defined radios that the practical performance of their

proposed method over the air is close to the baseline.

As deep learning based end-to-end communication systems for VLC, only a few

number of studies exist in the literature. In [74], the whole VLC communication system

is modeled as an autoencoder. The paper also provides a gradual binarization method

for codewords that alleviates vanishing gradient problem. For the dimming, the authors

modify the loss function by adding a term that penalizes when the sum of codewords

differ from the desired value. However, adding such a penalty does not guarantee aimed

level of sparsity, as also described in [75]. On the other hand, flicker reduction and ISI

in channel model are not considered in [74], which are covered in our study. In [76],

use of autoencoder as an end-to-end solution for optical wireless communications is

proposed. Since the paper does not directly aim VLC, flicker reduction and dimming

are not considered. In [77], authors propose using convolutional autoencoder for image

sensor communication. Channel imperfections as random image rotations, blurs and

signal-dependent noise are considered in the study. An annealing based multi-stage

training strategy is employed to obtain OOK symbols. A deep learning system model

producing dimming control OOK codes is investigated in [78]. Target dimming level is

fed as a part of input for the encoder and the decoder of the proposed system. Thus,

multiple dimming constraints can be trained at once. In addition, a probabilistic

method is proposed for the binarization of the codewords unlike [74] and [77].

The all VLC communication blocks are modeled as a single novel autoencoder

in this work. This autoencoder provides the lighting requirements as well as its main

communication duties. We call this autoencoder that is specialized to VLC as VLCnet.

As far as we know, this is the first work in the literature that an autoencoder both per-

forms the flicker reduction and dimming. To achieve these illumination needs, VLCnet

includes a novel activation unit, flicker reducing activation unit (FRAU). FRAU is a

member of locally competitive activation units. The neurons are divided into blocks in
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FRAU and only a certain number of them could be active. The active neuron values

are then mapped to favorable values with a modified sigmoid function for reducing

flicker. Therefore, FRAU is located at the end of the encoder to generate desired code-

words. In this work, it is shown that VLCnet with FRAU can effectively be trained

to obtain message at the receiver. The effects of FRAU parameters on the FER are

analyzed. The error rate performance of VLCnet is compared with other methods and

it performs demonstrably superior. Despite different noise levels in the inference stage,

it is shown that the models trained with a certain noise level performs decently. This

results increases implementability of the proposed method by eliminating the need of

storing many models in the real use case. This outcome can be valuable for other deep

learning studies in communication context.

The rest of the chapter is organized as follows: Section 3.2 provides review of

the system model, the autoencoder concept, assumed channel model, novel FRAU

layer, VLCnet in overall and the training method. Simulation setup and experimental

performance evaluations are presented in Section 3.3. Practicality of the proposed

system is discussed in Section 3.4. A further discussion on FRAU is provided in Section

3.5. Finally, Section 3.6 concludes the chapter.

3.2. System Model

3.2.1. Autoencoders

Autoencoders are neural networks that are trained to reconstruct its input at the

output. The inputs, u, are mapped to a hidden representation, z = f(u, θf ), where

f is the neural network transformation and θf denotes the parameters of the f . Then

this hidden representation, z, is mapped to the output û = g(z, θg), where θg denotes

the parameters of the network, g. Commonly the first part of the autoencoder, which is

f(.), is called encoder; where g(.) is called decoder [79]. The learning process minimizes
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a loss function

L(u, g(f(u, θf ), θg)) (3.1)

between the input and output of the autoencoder over the trainable autoencoder pa-

rameters θf , θg. In Figure 3.1, a shallow autoencoder with one hidden layer is shown.

Nodes with 1’s denote bias values and the dissimilarity loss between u and û is mini-

mized. For adding more nonlinearity, deeper autoencoders can be utilized.

1

1

Figure 3.1: A sample autoencoder

Constraining the whole autoencoder network or hidden units, z, helps explor-

ing the patterns in the input data, u. Most common usage of it is dimensionality

reduction. Dimension of z is forced to be smaller than the dimension of u, so that

the autoencoder learns to extract only the most important features. Another widely

used implementation is sparse autoencoders. Having larger dimension for z than u but

imposing sparsity constraint on z makes autoencoder learn features that can be useful

for other tasks like classification. Sparsity is generally achieved by adding a sparsity

penalty to (3.1).
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The proposed VLCnet is an autoencoder and it consists of 3 main blocks. Addi-

tional to the encoder and decoder blocks of the traditional autoencoders, VLCnet also

involves a channel block to model channel effects on the transmitted codewords. The

parameters of the encoder and decoder modules are learned in the training phase.

3.2.2. Channel Model

For the channel block of VLCnet, a multipath channel is assumed to be as close

as possible to the realistic VLC indoor channels in [67]. From the available indoor

scenarios, manufacturing cell is selected for the simulations since it exhibits strong ISI

behavior. Specifically, the selected channel impulse response (CIR) for the simulations

is scenario 4 CIR at receiver location 6 from LED 1-6 [80]. Then this channel is

downsampled with respect to the symbol rate. In Figure 3.2, the CIR from [80] and

its sampled version at 6 ns are shown.

Figure 3.2: CIR for Scenario 4 - LED1-6 to D6 [80]

Transmitted codewords, v, are convolved with the CIR, h. The resultant vector

is r, which is

ri =
i∑

k=1

hkvi−k+1. (3.2)
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Input-dependent shot noise and input-independent thermal noise can be modeled

as Gaussian noise [68]. With both noise terms, the received vector y becomes

yi = ri +
√
rinsh[i] + nth[i] (3.3)

where nth is the thermal noise and nth ∼ N (0, σ2); nsh is the shot noise and nsh ∼

N (0, ς2σ2). nsh and nth are assumed to be independent. The ς2 term describes the

strength of the input-dependent noise over the input-independent nth.

3.2.3. FRAU: Flicker Reducing Activation Unit

FRAU is the activation layer that is placed at the end of encoder part of the

VLCnet. It enforces some portion of the output to be zero. The remainder nodes

are the ”active” or non-zero ones. The selection of active and passive nodes depends

on the result of the competition among them. The neural networks containing these

type of activation functions are called competitive networks or locally competitive

networks [81]. These activation functions are different than widely used sigmoid or

tanh functions such that they are not continuously differentiable [81]. However, these

networks can effectively be trained by backpropagating the error only through the active

nodes [75,82]. In locally winner takes all (LWTA) activation layer [82], the neurons are

divided into blocks and only the maximum valued neuron in each block is forwarded

while the others are zeroed out. In k-sparse autoencoder [75], the layer is not divided

into blocks and instead of one neuron, k largest neurons of the layer are permitted to

keep their value while others are forced to be zero. In both layers, any other non-linear

function is not employed to the active neurons, since there is a non-linearity originated

from the selection of the active neurons [75]. In this chapter, we extend the concepts

introduced by k-sparse and LWTA layers with FRAU. FRAU separates the whole set

of neurons, which are length of n, into blocks of length l. Instead of only one element,

the largest c elements of each block are labeled as active and the rest is set to zero.
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Figure 3.3: Comparison of ReLU, LWTA with block length is 4, K-sparse with k = 2

and FRAU with (l = 4, c = 2)

As seen in Figure 3.3, locally competitive layers are different than ordinary acti-

vation functions such as rectified linear unit (ReLU). In competitive layers, the inputs

are not subject to individual functions, instead they are competing against each other

to be activated.

Another difference of FRAU is that a modified sigmoid function is applied to the

active neurons. Therefore the whole activation function becomes

frauλ,l,c(x) =

mSigmoidλ(x), if x ∈ Γ

0, otherwise

(3.4)

where Γ = suppl,c(x) and suppl,c(x) is an operator that returns the set of elements

that are the c largest in each block of consecutive l neurons. mSigmoidλ denotes the

modified sigmoid and can be expressed as

mSigmoidλ(x) =
1 + λe−x

1 + e−x
. (3.5)
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Modified sigmoid function is differentiable and its derivative for using in backward

calculations can be written as

∂ mSigmoidλ(x)

∂x
=
λ+ ex − λ(1 + ex)

(1 + ex)2
. (3.6)

This expression can be simplified to (1 − λ) times the first order derivative of the

ordinary sigmoid function.

The certain number of active nodes guarantees the sparsity throughout the layer.

The reason constraining them to be separated into blocks is that the maximum number

of consecutive zeros or active nodes need to be limited. As aforementioned, both

k-sparse and LWTA layers do not employ any function to the neurons besides the

competition. However, having identity function after selecting max c in each l does

assure that the active nodes are not close to zero, thus any sparsity constraint might

not be satisfied all the time. To illustrate, the input neurons may all have negative or

close to zero values, so choosing c active neurons in such a block would result in values

that are again very close to zero, or passive neurons. Since that can cause violation

of the flicker constraint, the active neurons are employed to a sigmoid function which

is modified such that its output range is not (0, 1) but (λ, 1). The reason of this

operation to guarantee the maximum run-length by separating the value ranges of

active and passive nodes. An illustrative diagram of FRAU with l = 5, c = 3, α = 0.6

can be seen in Figure 3.4.

The maximum number of consecutive active or passive neurons defines the maxi-

mum run length of the produced codewords by the VLCnet. Since two neighbor blocks

can have c active or (l− c) passive neurons, the maximum run length of a FRAU layer

can be written as

MaximumRunLength = max(2c, 2(l − c)). (3.7)
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. . . 

FRAU

Figure 3.4: An example FRAU layer of l = 5, c = 3, λ = 0.6

The maximum run length is shortened to max(2c, 2(l − c)) from n thanks to

FRAU. The average amplitude of the FRAU outputs, the transmitted codewords, over

the codebook determines the dimming. Dimming is expressed as

dθe =
1

Mn

∑
M

n∑
i=1

v[i], (3.8)

0 ≥ dθe ≥ 1, v is the output of FRAU and M is the number of input messages. The

input messages, thus the codewords are considered to be equiprobable. Dimming both

depends on c/l and λ in VLCnet as the amplitude of v depends on these. VLCnet

encoder parameters, θe, can be regarded as random variables mainly caused by the

random initialization of the weights and biases at the beginning of the training. This

causes the input of the FRAU, s, being sampled from a dependent distribution. Since

no assumption can be made about the distribution of s, E [v] cannot be computed in

closed form for a given l, c and λ. FRAU function in (3.4) sets the upper and lower

bounds for dθe as

cλ

l
≤ dθe ≤

c

l
, (3.9)

for 0 ≤ λ ≤ 1. These bounds are utilized as dimming targets before training, however

the actual dθe is known once the training is completed.
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3.2.4. VLCnet & Training Procedure

VLCnet consists of trainable transmitter, static channel and trainable receiver

blocks. At the transmitter block, first the binary input message m ∈ Rk is mapped to

em of length 2k, the all-zero vector except mth element being 1. Then this vector passes

through a fully-connected (FC) layer, where it is multiplied with weights and added

with bias. The FC layer at the transmitter does not consist any activation function

other than FRAU. The output of this linear operation is fed into a batch normalization

layer, where statistically inferred mean of values of this layer is subtracted from the

outputs of FC layer and these values are divided by the inferred standard deviation.

Batch normalization is performed in VLCnet to regulate the distributions of the inputs

neurons of the FRAU [79]. This operation facilitates the training of VLCnet. To add

non-linearity and generate the codewords that are able to satisfy certain dimming

and flicker constraints, batch normalization output, ŝ, is fed into a FRAU layer. The

activations of FRAU layer are the codewords to be transmitted. The channel layer

of VLCnet consists of a convolution with ISI taps and an addition of random noise.

Random noise can include input-dependent term, as explained in 3.2.2. The channel

impulse response is assumed to be known at the training phase. Received codewords,

impaired by the channel, are first processed by a 1-D convolutional layer. The pattern

generated by channel impulse response is expected to be learned from the filters of

the convolutional layer since the channel itself imposes a convolution. Therefore, the

convolutional layer as the first layer of the receiver side is an essential block of the

VLCnet. Depending on the message length and complexity of the receiver, a number

of FC layers follows the convolutional layer. After the last FC layer, a softmax function

[79] is performed to transform neuron outputs to the probabilities of classes. Lastly, the

bit with highest estimated probability is chosen with the argmax operation. Hence, the

decoded one hot vector is obtained. Figure 3.5 shows the components of the VLCnet.

In the training of the VLCnet, channel impulse response h and statistical param-

eters of the random channel, namely σ and ς are assumed to be known. A random

batch of input messages are generated and passed through the aforementioned layers of
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Figure 3.5: Diagram of VLCnet system model

the VLCnet. Just for the training, an extra operation before FRAU is performed. This

operation is dropout, which zeroes out some of the neuron values and their connections

with a given probability. This operation is done only in training to reduce over-fitting

and increase generalization of the network [79]. Weights and biases are randomly ini-

tialized in VLCnet and that might cause setting same neurons active, independent

from the inputs. Since gradients only flow through the active neurons, the connections

belong to the other neurons might not find a chance to update themselves and the

advantage of the those neurons maintain. This lowers the representation capability of

the network. Although, batch normalization layer alleviates this problem, we suggest

randomly shutting some neurons to enable the training of all neurons. By simulations,

having dropout with rate of around 0.2 is found to increase the error rate performances.

In the literature, dropout is found to be useful in other locally competitive layers as

well [81]. Once a forward pass is performed, the loss that penalizes the mismatch

between the input message and the decoded message is calculated. Categorical cross

entropy loss, expressed as (3.10), is used in VLCnet.

LCCE = −
∑
i=1

2k∑
j=1

em[j] log ŷ[j] (3.10)
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In (3.10), the first summation is for adding the loss of the different one-hot en-

coded message vectors em, and predicted outputs ŷ in a batch.

Error minimization subject to flicker reduction problem is formulated as an op-

timization by

min
θ
LCCE

s.t. 0 ≤ vi ≤ λ, vi ∈ Γ,

vj = 0, vj ∈ Γ̃,

0 ≤ λ ≤ 1,

(3.11)

where Γ̃ is the complement set of Γ. The constraints in (3.11) ensures the limitation

of maximum run length and bounds the codeword symbol energy. Note that FRAU

provides a built-in support for these constraints, consequently VLCnet can be trained

with conventional categorical cross entropy loss.

The trainable parameters of the encoder and the decoder are updated using

stochastic gradient descent (SGD) or any other optimization algorithm like Adam [83].

In SGD, the parameters of VLCnet are updated at each batch as

θ[t] = θ[t− 1]− η∇θLCCE
(
θ[t− 1]

)
(3.12)

where θ[t] denotes the network parameters at step t, η denotes the learning rate and

∇θLCCE
(
θ[t−1]

)
denotes the gradient of the cost function with respect to the network

parameters. Training continues iteratively until the end of predetermined epoch count

or loss in validation set, which can be formed as all possible 2k input messages, is no

longer decreasing. Consequently, the model for given noise statistics is obtained. This

process is explained in detail in the algorithm in Figure 3.6. Yet, this is very incon-

venient in terms of practicality to have different models for changing noise variances

in the real deployment. Therefore, we propose deployment of only one model, which

is trained with a noise variance that produces best results for whole noise variance
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range in overall. Indeed, simulations show that the model works best in overall even

works better compared to using individual models that are trained specifically for that

noise level. We propose using grid search for the selection of the noise variance that is

to be deployed. For [0, 40] dB Eb/N0 range, different models are trained with 5 dB

intervals. Next, frame error rate (FER) of those models are evaluated for whole signal-

to-noise ratio (SNR) range. The model that has minimum sum of logarithm of FER

values is selected. Before this operation; if FER values are zero, they are replaced with

multiplicative inverse of number of transmitted input frames for the sake of numerical

stability. The whole training process for choosing the best VLCnet is explained in the

algorithm in Figure 3.7. Although we use grid search for the optimization of noise level

hyper-parameter, other methods like random search [84] or bayesian optimization [85]

can also be used. However, these are left for future investigations.

A set of signal outputs generated during a sample VLCnet operation is illustrated

in Figure 3.8. Here, the parameters are set as k = 12, n = 20, l = 5 and c = 2. The

bias for the active led is set to 0.6. The message in the top-left figure is encoded into

a codeword in top-mid figure by the encoder part of the VLCnet. Despite the ISI and

noise, the VLCnet achieves successful decoding of the original message as shown in the

bottom-left figure.

3.3. Performance Evaluation

The effectiveness of proposed VLCnet on error rate performances is evaluated via

computer simulation. As aforementioned, the channel is modeled as Scenario 4 - D6

in [67]. The gap at the beginning of the channel impulse response is removed since

receiver is considered to be synced accordingly to maximize received energy. ISI taps

are obtained from this CIR for input symbol duration value ts = 10ns. Results are

both generated for the channels

� ς = 0 → without input-dependent noise,

� ς = 1 → with input-dependent noise.
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Input: N0, h, ς, θConv, θFC , l, c, λ, maxIter

Output: VLCnet with trained parameters

1: Initialisation : random initialization of weights and biases

2: for i = 1 : maxIter do

3: m← Generation of random batch of messages

4: (em ← OneHotEncoding(m)

5: s = FC(em, θFCenc , φ = None)

6: ŝ← BatchNorm(s)

7: ŝ← Dropout(ŝ, rate = 0.2)

8: Γ ← Set of the largest c in each block of length l of ŝ

9: for j = 1:n do

10: if vj ∈ Γ then

11: vj = fms(vj)

12: else

13: vj = 0

14: end if

15: end for

16: y ← Channel(v,h, N0, ς)

17: ŷ ← Conv1D(y, θConv, φ = ReLU)

18: for f = 1:FCLayerCount do

19: ŷ ← FC(y, θFC , φ = ReLU)

20: end for

21: ŷ ← Softmax(ŷ)

22: Compute the loss between em and ŷ

23: Backpropagate the error only through the x in Γ and update

θConv, θFCenc , θFCdec

24: end for

25: return v̂

Figure 3.6: Algorithm for Training VLCnet for a given N0: trainVLCwithN0(h, N0,

ς, θConv, θFC)
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Input: h, ς, θConv, θFC , l, c, λ, maxIter

Output: VLCnet with trained parameters

1: for α = 0:5:40 do

2: N0 = Eb/10α/10

3: VLCnet(α) = trainVLCwithN0 (N0, h, ς, θConv, θFC , l, c, λ, maxIter)

4: end for

5: for α = 0:5:40 do

6: for γ = 0:5:40 do

7: Eb/N0← γ

8: FER(α, γ)← Compute FER for each Eb/N0 by sending 107 input frames

to

9: if FER(α, γ) = 0 then

10: FER(α, γ) = 10−7

11: end if

12: end for

13: end for

14: α∗ ← argminα
∑
∀γ
log(FER(α, γ))

15: return V LCnet(α∗)

Figure 3.7: Algorithm for training VLCnet: trainVLC(h, ς, θConv, θFC)

Figure 3.8: Sample Operation of VLCnet for (k = 12, n = 20, l = 5, c = 2, λ = 0.6)
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The FER values are obtained for different information bit energy levels. The

Monte Carlo simulations are carried out and the results are averaged by transmitting

107 input frames. Input frame length, k, and codeword length, n are kept constant

through simulations, where k = 12 and n = 20. Different simulations are performed

for various values of block length (l), number of active neurons in a block (c) and led

turn-on level (λ).

The sampling of the channel is normalized with k
n
. As in (3.9), average codeword

active symbol energy, Es, bounds are written as

Eb
k

n

l

c
≤ Es ≤ Eb

k

n

l

c

1

λ2
. (3.13)

Despite it brings a disadvantage for VLCnet, Es is assumed to be equal to Eb
k
n
l
c

throughout the simulations. However, the exact value of Es can be calculated for the

whole codebook once the training is completed, and the output of the VLCnet encoder

can be scaled accordingly to utilize the unused energy. The variance of the input-

independent thermal noise is set to N0/2. System configurations of the encoder and

the decoder sides of the simulated VLCnet is given in the Table 3.1. Adam [83] method

is used as optimizer and learning rate is set to 0.005 during the simulations. Training

with a specific noise variance takes 35000 epochs, where 212 random input messages

are generated in each epoch. These selections of parameters are found to perform

well. Further optimization could be done through neural architecture search [86] or

hyperparameter optimization [79] but these are very costly in terms of computation

and beyond the scope of this work.
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Table 3.1: Simulated VLCnet architecture

Layer Type Output Shape Kernel Size

E1 Dense 20 -

E2 BatchNorm 20 -

E3 FRAU 20 -

D1 Conv. + ReLU 16 x 30 5

D2 Flatten 480 -

D2 BatchNorm 480 -

D3 Dense + ReLU 100 -

D4 BatchNorm 100 -

D5 Dense + ReLU 50 -

D6 BatchNorm 50 -

D7 Dense + ReLU 50 -

D8 BatchNorm 50 -

D9 Dense 4096 -

3.3.1. Effect of Number of Active Nodes on FER

One way to control the illumination level is to change number of active nodes in

a block. FER results for c = 2 and c = 3 are simulated where l = 5. As described

in the algorithm in Figure 3.7, different models are trained with 9 different levels

of noise variance such that Eb/N0 is one of 0, 5, 10, 15, 20, 25, 30, 35, 40 in dB. For

c = 2 and in input-independent noise condition (ς = 0), trained model with 0 dB

Eb/N0 does not work well at any SNR region, as seen in Figure 3.9a. On the other

hand, other trained models are able to decrease the FER as noise variance decreases

compared to the information bit energy. The model trained with 10 dB Eb/N0 is the

best model in terms of the selection criteria in the algorithm in Figure 3.7. It performs

better than other models in all Eb/N0 values but 5 dB. However; the performance

difference is small in 5 dB and all models cannot perform well under that much noise,

therefore it can be stated that only 10 dB model is adequate for all noise values under

given parameters. In all sub-figures of Figure 3.9, curves with ”Self” label denote the
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(a) FER for c = 2, λ = 0.6 and ς = 0 (b) FER for c = 3, λ = 0.6 and ς = 0

(c) FER for c = 2, λ = 0.6 and ς = 1 (d) FER for c = 3, λ = 0.6 and ς = 1

Figure 3.9: The effect of c on FER both with ς = 0 and ς = 1

evaluation of the models at the noise values where each of them are trained with. Thus,

it utilizes all 9 models. Surprisingly, the model trained with 10 dB performs better

than the combination of all models in terms of overall performance. For example, the

model trained with 10 dB outperforms the model trained with 15 dB in Eb/N0 = 15

dB. Training with extra noise makes the model achieve better error correction results.

It works as a regularization and increases the generalization ability of the model. This

is an important observation and it justifies deploying only one model.

In Figure 3.9b, the FER values for c = 3 and input-independent noise are shown.

Here training with 5 dB does not work as well as 0 dB. For these models, FER
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(a) FER for c = 3, λ = 0.4 and ς = 0 (b) FER for c = 3, λ = 0.8 and ς = 0

(c) FER for c = 3, λ = 0.4 and ς = 1 (d) FER for c = 3, λ = 0.8 and ς = 1

Figure 3.10: The effect of λ on FER both with ς = 0 and ς = 1

values stall as EB/N0 increases. The model trained with 10 dB again outperform the

other models as well as the self evaluation of all together. When power consumption

is constant, increasing c diminishes the average energy per active neurons. The FER

performance is declined compared to c = 2 case.

In Figure 3.9c, the FER values for c = 2 and ς = 1 are illustrated. With the

existence of input-dependent noise, the error rates are deteriorated compared to ς = 0

in Figure 3.9a. The models that are trained with 0, 10 and 15 dB Eb/N0; the error

floor occurs and the performance does not become better as Eb/N0 increases. This

is due to additional error term in (3.3) compared to the ς = 0 condition. Error rates
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(a) FER for ς = 0 (b) FER for ς = 1

Figure 3.11: FER effect of l on FER when c/l is constant

below 10−6 can only be seen for Eb/N0 > 20 dB although these rates can be achieved

at 15 dB in the case for ς = 0. The model that achieves best error rate performance

for the given parameters is the one which is trained with 15 dB.

Simulation results for c = 3 and ς = 1 are demonstrated in Figure 3.9d. As

expected, the error rate performance is decreased with the addition of input-dependent

noise. Similar to Figure 3.9c, the best performing model is 15 dB. Both Figure 3.9c

and Figure 3.9d show that VLCnet is able to function even with input-dependent noise.

3.3.2. Effect of λ on FER

The λ parameter in (3.5) is used to control the minimum value of active nodes in

FRAU. It directly affects dimming. For c = 3, 3 different λ values are simulated and

error rate performances are demonstrated in Figure 3.10 and Figure 3.9b-d. In Figure

3.10a, FER performances when λ = 0.4 and input-independent noise case is shown.

Lowering the λ from 0.6 (see Figure 3.9b) to 0.4 increases the error rate performances

as the dynamic range of the FRAU output is increased. The model trained with 10 dB

Eb/N0 produces the best error rate performances. For Eb/N0 > 15 dB, FER < 10−5.

In contrast, the error performances degrade significantly for λ = 0.8. None of the

models trained with different amount of noise levels can achieve FER < 10−5 for
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Eb/N0 < 25 dB. In the moderate and high levels of noise, λ = 0.8 cannot produce

decent error rate performances due to very narrow dynamic range of activations that

are not zero. The model trained with Eb/N0 = 25 dB produces the best results where

noise level is low (Eb/N0 > 25 dB). Figures 3.10c and 3.10d show the FER in the

presence of input-dependent noise, ς = 1. The best achieving models are same as the

ς = 1, the only difference is that the FER values are worsened due to additional noise

term. As expected, the results show that FERλ=0.4 < FERλ=0.6 < FERλ=0.8 when

other parameters are kept constant.

3.3.3. Effect of Block Length, l, on FER

Provided that c
l

is kept constant, changing the block length does not alter the

dimming level but changes the maximum run length, thus the flicker. The effect of

this parameter on error rates, when c
l

is constant, are simulated. The longer block

sizes increases relaxes the constraints of VLCnet, therefore enables learning better

representations. Both for the case without input-dependent noise (ς = 0) and with

input-dependent noise (ς = 1), it is verified that having longer block sizes improves

FER performances.

The Figure 3.11a shows the effect of l on FER for the case when no input-

dependent noise exists. The labels of the plots explains the parameters of the VLCnet

and how much noise they are trained with. These noise values for training are selected

as explained in the algorithm in Figure 3.7. As seen in Figure 3.11a, the error rate

values for (l = 10, c = 4) are less than (l = 5, c = 2). Same results are also valid for

the paramater sets of (l = 10, c = 6) and (l = 5, c = 3) although the performance

difference is less. Figure 3.11b exhibits the same behavior for the case when input-

dependent noise exists and ς = 1.

For better visualization, FER curves are plotted against c, l and λ in Figure 3.12

for different Eb/N0 values. For l = 5, moderate c values 2 or 3 perform better compared

to the 1 or 4 because of the higher freedom of the network caused by increased number
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(a) FER for c values (b) FER for l values

(c) FER for λ values

Figure 3.12: Frame Error Rate Curves for different l, c and λ values

of codeword combinations. As l increases when c/l is kept constant, dimming bounds

for the model does not change although higher number of codeword combinations is

obtained. This relaxation of the constraints by increasing l improves FER accuracy.

Lastly, as λ increments, the error performance is worsened due to lowered dynamic

range of the FRAU.

3.3.4. Performance Comparison with Other Methods

The error rate performance of proposed VLCnet is compared with Reed Solomon

(RS) (11, 15) codes, which are suggested to be used for VLC in the standard [59].

Since short codes and simple to decode codes are suggested for VLC [59], Hamming

codes (11, 15) are also added to simulations for comparison. Channel model and
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(k, n) parameters of VLCnet are same as described in Section 3.3. OOK is used as

modulation for the uncoded transmission, and with Hamming (11, 15) and RS (11, 15)

channel codes. The channel taps and symbol energy are normalized in the simulations.

Due to the presence of ISI, 5-tap minimum mean-squared error (MMSE) equalizer is

added to the receiver for Uncoded, Hamming and RS cases. Without equalization, the

error rate performances of simulated conventional methods are confirmed to be much

poorer. The effectiveness of the proposed VLCnet in case is no input-dependent noise

is shown in Figure 3.13. The labels for the curves explain the parameters of different

VLCnet configurations and how much Eb/N0 they are trained with in bold. For low

SNR region until 10 dB, coding does not enhance the error performance compared

to the uncoded case, whereas VLCnet models can provide much better performances.

At 15 dB, the RS gives better performance compared to Hamming and uncoded case

and many configurations of VLCnet can perform better or close to RS at that SNR

value. The only configuration that does not improve FER performance compared to

the uncoded case is the one with λ = 0.8, which is caused by very limited dynamic

range as discussed in 3.3.2. The simulation results for the channel including input-

dependent noise is illustrated in Figure 3.14. For this case, the performances of both

VLCnet and conventional channel code methods are worse because of the additional

noise term.

RS and Hamming performs slightly worse than uncoded case for low SNR regions;

however, they achieve lower error rate than uncoded at 20 dB. The performance of RS

is much better compared to Hamming at that SNR. On the other hand, VLCnet again

provides similar or better performance especially when SNR is low. Both for ς = 0 and

ς = 1, the best performing VLCnet configurations are where λ is small or l is big while

c
l

is kept constant.

Secondly, VLCnet is compared with another channel coding method proposed

for VLC [87]. Authors suggest using polar codes concatenated with RLL codes to

achieve both error correction and flicker reduction. Compensation symbols are further

added to adjust the dimming. FER values for k = 12, n = 20, ς = 0 is simulated
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Figure 3.13: FER comparison of VLCnet with channel coding methods, without input-

dependent noise

Figure 3.14: FER comparison of VLCnet with channel coding methods, with input-

dependent noise
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and shown in Figure 3.15. 11-tap MMSE equalizer is added to the receiver of [87]

due to the presence of ISI in Figure 3.2. As dimming target approaches to either 0

or 1, baseline model does not success any decent performance because of decreased

spectral efficiency by long compensation blocks. For dimming levels 0.4, 0.5, and 0.6;

baseline model performs similar and achieves 10−5 FER at 15 dB. VLCNet model with

l = 5, c = 3 and λ = 0.8 performs better than those baseline models. Dimming of

that VLCnet model is 0.48 ≤ d ≤ 0.6 as it is calculated with (3.9). At the expense of

dimming bound precision, a much better performing VLCnet model can be obtained

by changing λ = 0.6 from λ = 0.8. Dimming of this model has a higher range before

training, 0.36 ≤ d ≤ 0.6, however performs better thanks to increased dynamic range

of the FRAU activations.

Figure 3.15: FER comparison of VLCnet with [87]

3.4. Practicality Discussion

Besides the performance, the feasibility of the proposed system needs to be as-

sessed well for the practical deployment. Having feasible computational complexity at

the inference time is important for the practicality. The encoder side of VLCnet only

consists of 1 hidden linear layer and since encoding is a simple mapping for each input

message, encoder operation can be realized as codebook based modulation. There-
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fore, the complexity of the VLCnet stems from the receiver side. Presented VLCnet

receiver in Section 3.3 incorporates 1 convolutional layer and 4 fully connected linear

layers. The kernel length and channel count of the convolutional layer, Ω0 depends

on the ISI level of the channel. Therefore, the computational complexity of the con-

volutional layer of VLCnet decoder is O(Ω0n). The neuron counts of the following

fully connected layers are multiple of n by Ω1,2,..,K , where K is the number of VLC-

net decoder side linear layers. Thus, the total complexity of the VLCnet decoder is

O(Ω0n)+
∑K−1

l=1 O(Ωln
2)+O(ΩKnM), which can be simplified toO(n2)+O(nM). This

complexity is plausible for moderate n and M values considering O(n2M) complexity

of the maximum likelihood decoders.
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Figure 3.16: Proposed MMSE diagram

Another key issue is the channel information mismatch between the training and

operation. As shown in the algorithm in Figure 3.6, the training procedure of VLCnet

assumes the channel is known. Utilization of CSI for the optimization of communication

modules also exist in some other neural network based communication literature [73,78].

Although this allows model to be tuned and optimized for the most likely case; the

trained models can still be used in a different channel by some modifications. Once the

real CSI is obtained through pilot symbols, a modified MMSE equalizer can be used

before the VLCnet decoder if ς = 0. This MMSE equalizer is a finite impulse response

(FIR) filter which minimizes the square of the error between the codewords convolved

with expected channel and the real channel. Thus this filter does not only equalize

the real channel, hreal, but also transforms the received codewords such that if they

were transmitted through the trained channel, htrained. Block diagram of the proposed

MMSE equalizer is shown in Figure 3.16. The coefficients of this FIR filter w can be

calculated by solving the quadratic function, ∂E{ε[k]ε[k]∗}
∂w

= 0, which yields
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wH = hHtrainedRxxH
H
real(HrealRxxH

H
real +Rnn)−1

= hHtrained(R
−1
xx +HH

realR
−1
nnHreal)

−1HH
realR

−1
nn .

(3.14)

The effect of channel mismatch on FER is shown in Figure 3.17. A trained

model with channel of the scenario4/location6 is tested with scenario4/location1 [80].

Although the model does not work when directly applied to the new channel, using

described MMSE equalizer before the decoder gets the FER performance approach to

the ideal case where the model is trained and tested with the new channel.

Figure 3.17: FER in channel mismatch

Another method that can work even with input-dependent noise case is to adapt

the receiver side of VLCnet to the new CSI. This can be done by resuming learning

at the receiver side by calculating losses for the known transmitted sequences. This

operation takes much fewer iterations than learning from the scratch. This technique

is called transfer learning [79] and widely used in computer science domain to easily

modify neural networks to changed conditions or new tasks. Utilizing transfer learning

for channel mismatches is also proposed for the channel autoencoders [73].
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3.5. FRAU Discussion

To better depict the reason of using modified sigmoid function at the active nodes

of FRAU, consider the case where l = 5 and c = 3. K-sparse autoencoders [75] do not

employ any activation function to the top-k active nodes. So, their activation function

could be conceived as a linear function. However, having a linear function for active

nodes is not possible in VLC as these nodes could be negative, as shown in Figure

3.18a. Directly binarizing based on the selections, as in Figure 3.18b, is not viable

since this function is not differentiable. A straightforward solution is to use sigmoid

to have differentiability while being similar to a binary function. However, when the

active nodes are small as in Figure 3.18c, sigmoid returns values that are close to 0.

This situation violates run-length calculations. Therefore, the active nodes should be

separate enough from the passive ones. As seen in Figure 3.18d, the modified sigmoid

function provides a practical solution to the explained problem.

Flicker mitigation is the main feature of FRAU. As the IEEE 802.15.7 standard

[59] and most studies in the literature like [88,89], we aim to reduce flicker by limiting

maximum run length. FRAU limits the maximum run length to max(2c, 2(l−c)) value

as described in Section 3.2.3. To further illustrate the effectiveness of the proposed

method on the flicker, a simulation was performed.

Although flicker definition of Illumination Engineering Association (IES) [90] only

considers deterministic pulses (not the codebooks or VLC domain), we found their

metric, which is the ratio of low frequency component to high frequency component of

pulses, useful. Therefore, we calculated the average energy spectrum of the uncoded

case, VLCnet codebook with (n = 20, l = 5, c = 2) and VLCnet codebook with

(n = 20, l = 20, c = 10). More flicker, so more powerful low frequency energy

component is expected in (n = 20, l = 20, c = 10) since we force FRAU to produce 10

consecutive active and 10 consecutive passive codeword symbols. Likewise, less flickers

is expected in (n = 20, l = 5, c = 2) since active and passive symbols change frequently,

thus codewords have more powerful higher frequency component.
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(a) No (Linear) activation (b) Binary activation

(c) Sigmoid Activation (d) Modified Sigmoid Activation

Figure 3.18: Comparison of different activations for a sample set of activated neurons

Figure 3.19 shows average energy spectrum of the codewords in frequency range

normalized to the Nyquist frequency. As it is seen, all codebooks have DC components

so a powerful first component in their Fourier Transforms. Apart from that DC, (l = 5,

c = 2) code has more powerful high frequency component, while (l = 20, c = 10) has

more powerful low frequency component as expected. If we take the ratios of low half

frequency to the high half frequency, we obtain the 1.85 for (l = 5, c = 2), while this

value is 3.88 for the (l = 20, c = 10) model. Thus, FRAU is an effective tool to mitigate

flicker by adjusting l and c parameters.

By fixing l, c and λ parameters of the VLCnet, target dimming bounds can be

set as the amplitude of v depends on these parameters. VLCnet encoder parameters,

θe, can be regarded as random variables mainly caused by the random initialization of
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Figure 3.19: Average energy spectrums of the different codebooks

the weights and biases at the beginning of the training. This causes the input of the

FRAU, s, being sampled from a dependent distribution. Since no assumption can be

made about the distribution of s, E [v] cannot be computed in closed form for a given

l, c and λ. The dimming bounds for these parameters is given in 3.9. These bounds

are utilized as dimming targets before training, however the actual dθe is known once

the training is completed. As λ approaches to 1, the uncertainty at dθe reduces at the

expense of decreased output range for active nodes.

A sample histogram of FRAU activations for (l = 5, c = 3 and λ = 0.6) is

demonstrated in Figure 3.20. As shown, the distribution of the FRAU activation is not

a parametric distribution. With the given FRAU parameters, the dimming bounds are

calculated as 0.36 ≤ d ≤ 0.6 using (3.9). Actual dimming is found to be 0.482 after

training.

3.6. Discussion

In order to solve the complex problem of optimizing a VLC system in overall, a

deep learning based method, VLCnet is proposed in this chapter. VLCnet addresses

several key issues such as decreasing error rates, reducing flicker and controlling dim-

ming with the help of novel activation layer, FRAU. To the best of our knowledge, a
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Figure 3.20: Distribution of FRAU activations for (l = 5, c = 3, λ = 0.6)

deep learning based flicker mitigating end-to-end system is proposed for the first time

in the literature.

First, VLCnet is explained as proposed system model. Then, FRAU is introduced

as the unit which would be located at the end of the transmitter. FRAU effectively

creates blocks with limiting the number of elements which could be active. The active

nodes are applied to a modified sigmoid function while inactive nodes are zeroed out.

With this procedure, flicker mitigation is achieved since run length is limited. Further-

more, how VLCnet can be trained effectively using grid search is explained. Through

Monte Carlo simulations, the effects of the number of active nodes, minimum level

of active nodes and block length on FER are analyzed. An important outcome of the

performance evaluations is to show how training with a certain noise level yields decent

error rate performance even under altering noise levels.

The performance of our proposed system is examined with different configurations

and the results are better than the conventional methods. Depending on the configura-

tion, our proposed VLCnet system generally does an impressive job in decreasing error

rate while providing flicker mitigation. Practical considerations are also addressed in

our research. VLCnet is able to provide a practical solution as an end-to-end VLC

system.

Our work explained in this chapter is published in [91].
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4. CONCLUSION

In this thesis, practical and effective channel coding methods for the channels with

input-dependent noise are proposed. Many new applications have created a need of

applying communications theory to different channels that are less researched compared

to the conventional wireless channel. These channels have their own challenges that

needs to be addressed with custom designed communication blocks. Directly applying

conventional methods Having input-dependent noise is one common property that exits

in many of these channels, therefore any practical channel coding algorithm with input-

dependent noise could easily find a place in different applications in those channels.

Molecular communications and visible light communications are some examples

of the channels that have input dependent noise. Besides this noise type, these channels

have their own additional requirements as well. For molecular communications, any

proposed method should be energy-efficient and has low complexity as the nano-devices

have limited resources in terms of both energy and computation power. For visible light

communications, the illumination related requirements namely dimming and flicker

reduction need to be satisfied. ISI is a major problem for molecular communications as

the diffusion process results in a random delay in molecule transmission time. When

high data rates are preferred for indoor applications, VLC also suffers from ISI. In the

this thesis work, novel channel coding/decoding methods are proposed addressing all

of these requirements.

The main contributions of the thesis can be divided into two parts with respect to

the communication channels. In the first part, we propose two different novel methods

for molecular communications channel. In the second part, we propose a novel way of

end-to-end optimization of communication blocks by addressing the VLC needs.

For molecular communications, we propose using CLWC as channel codes since

the low weights are favorable considering energy limitation and presence of ISI. Fur-
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thermore, the information of constant weights can be utilized effectively to increase

communication quality at the receiver side. In the first part of the thesis, two dif-

ferent decoding methods that take advantage of the constant weight information are

proposed. When coupled with our proposed decoders, CLWC is also able to increase

communication quality in addition to its aforementioned advantages. First proposed

algorithm in this part is the iterative sorting decoder. It is a heuristic yet simpler

method in terms of computation compared to the our second method.

Iterative sorting decoder estimates ISI based on its detection in each iteration and

renews its selection after removal of estimated ISI from the original received sequence.

At each iteration, likelihood of the decoded sequence is calculated and traced, therefore

the algorithm halts when the likelihood is not increased at the last iteration. This

prevents error propagation. As long as the likelihood is increased , the algorithm

iterates until the same sequence is obtained at consecutive iteration or the maximum

number of iterations is reached.

As a second method in the first part, a trellis based maximum a posteriori method

is proposed for the decoding of CLWC. Together with the past symbols, the current

weight status inside constant weight codeword is embed in trellis graph states. By

forming a super trellis, which takes both the channel information and coding informa-

tion into account, the maximum likely sequence can be determined by using Viterbi

algorithm. Although this method is computationally expensive compared to the itera-

tive sorting decoder, it provides better error rate performance. The simulation results

shows the error rate performance superiority of the proposed methods compared to the

alternative molecular communication decoding schemes in the literature.

In the second part, we propose VLCnet, an autoencoder based end-to-end commu-

nication system, for VLC. Similar to other autoencoder based communication systems,

VLCnet allows joint optimization of both encoder and decoder. The proposed network

consists of novel FRAU layer to map encoder side activations to favorable values for

illumination requirements. It has a built-in support for run-length-limitation, so for
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flicker reduction. In addition, it allows to adjust dimming bounds. The inputs of

FRAU are divided into blocks and the neurons in each block compete each other as

only certain number of them can be active. The passive nodes are zeroed out and

do not be used in backpropagation step. Active nodes are fed into modified sigmoid

function to guarantee the run-length limitation. To best of our knowledge, VLCnet is

the only method that provides both flicker reduction and dimming capability, which

are the fundamental illumination needs. From the practicality point of view, the VL-

Cnet does not need the deployment of many models trained with different noise levels.

It has been shown that a model trained with a certain amount of noise works decent

for different signal to noise levels. Although VLCnet is trained with a given channel,

it is shown that a modified MMSE equalizer can be applied before the decoder side.

By comparisons with other methods, we show that VLCnet provides superior FER

performance while having moderate complexity.

Both of the methods assume that CSI is partially or fully available at the receiver.

This information can easily be acquired via transmitting the pilot sequence, a training

sequence which is already known by the receiver.

4.1. Future Work

As future work, our primary goal is to increase the practicality of our proposed

methods. Super trellis decoder, which is explained in Section 2.3.4, provides maximum

a posteriori sequence estimation with the Viterbi algorithm. Considering the presence

of long channel taps, its complexity is not manageable for nanoscale devices as the

complexity of Viterbi algorithm increases exponentially with the number of channel

taps. There are many researches in the literature decreasing the computation cost of

Viterbi algorithm by sacrificing only small amount of performance. Adaptive Viterbi

algorithm is one of these methods [92]. Similar method can be designed for our super

trellis diagram to decrease the complexity.
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VLCnet offers jointly optimized end-to-end solution. Only exception is the ex-

tra equalizer that is needed to adapt the decoder side to the changed channel state.

However, this part could be embedded to the VLCnet as well. If the channel state

information is fed to the receiver side as another input, the whole autoencoder can be

trained with different channels. Hence, the decoder is expected to perform equalization

as well. Since the whole system will be optimized with the input-dependent noise, the

performance is likely to increase compared to using MMSE equalizer.

Lastly, we think that the developed methods for molecular communications chan-

nel and VLC can be adapted to terahertz channel. To see their performances alongside

the benchmark models for the terahertz band could be interesting.
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APPENDIX A: SUPER TRELLIS DECODER

PSEUDOCODE

Input: y, m, CSI, maxIter

Output: v̂

Initialisation : L← len(CSI), Paths← 000..0

for i = 1 : codeWordLength− 1 do

tempPaths = [ ], tempCosts = [ ]

for ind = 1 : Npaths do

currentPath = Paths[ind, :]

currentState = Paths[ind, end]

currentWeightState = currentState[0]

tempTempPaths = [ ], tempTempCosts = [ ]

if codewordLength− i > m− currentWeightState then

tempState = circshift(currentState, 1, 2) {// if bit-0 is possible}
tempState[0] = currentWeightState

tempState[1] = 0

tempTempPaths = [currentPath, tempState]

tempTempCosts = Cost(y, CSI, currentState, tempState, costs)

end if

if currentWeightState < m then

tempState = circshift(currentState, 1, 2) {// if bit-1 is possible}
tempState[0] = currentWeightState+ 1

tempState[1] = 1

tempTempPaths = [tempTempPaths; [currentPath, tempState]]

tempTempCosts = [tempTempCosts;Cost(y, CSI, currentState, tempState, costs)]

end if

tempPaths = [tempPaths; tempTempPaths]

tempCosts = [tempCosts; tempTempCosts]

end for

Paths = tempPaths

Costs = tempCosts

inds2remove = findCollidedHighCostIndeces(Paths) {// Viterbi Path Elimination}
if inds2remove! = None then

Paths[inds2remove] = [ ]

Costs[inds2remove] = [ ]

end if

end for

v̂ = Backtracing(Paths)

return v̂

Figure A.1: Algorithm for Super Trellis Decoder


