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Abstract – Recent studies have shown that designing communication systems at nanoscale and microscale for the Inter‑
net of Bio‑Nano Things (IoBNT) applications is possible using Molecular Communication (MC), where two or multiple nodes
communicate with each other by transmitting chemical molecules. The basic steps involved in MC are the transmission of
molecules, propagation of molecules in the medium, and reception of the molecules at the receiver. Various transmission
schemes, channel models, and detection techniques have been proposed for MC in recent years. This paper, therefore, presents
an exhaustive review of the existing literature on detection techniques along with their transmission schemes under various
MC setups. More speci ically, for each setup, this survey includes the transmission and detection techniques under four differ‑
ent environments to support various IoBNT applications: (i) static transmitter and receiver in a pure‑diffusive channel, (ii)
static transmitter and receiver in a low‑induced diffusive channel, (iii) mobile transmitter and receiver in a pure‑diffusive
channel, (iv) mobile transmitter and receiver in a low‑induced diffusive channel. Also, performances and complexities of
various detection schemes have been compared. Further, several challenges in detection and their possible solutions have
been discussed under both static and mobile scenarios. Furthermore, some experimental works in MC are presented to show
realistic transmission and detection procedures available in practice. Finally, future research directions and challenges in the
practical design of the transmitter and receiver are described to realize MC for IoBNT health applications.

Keywords – Detector design, Internet of Bio‑Nano Things, modulation schemes, molecular communication, micro‑scale
and nanoscale communication

1. INTRODUCTION

Molecular Communication (MC) is one of the fastest 
emerging research ields in the recent times where chem‑ 
ical signals are used to communicate between the trans‑ 
mitter and the receiver. It is worth noting that MC is a nat‑ 
ural phenomenon and has been used by micro‑organisms 
such as bacteria to communicate among themselves [1]. 
However, recent advancements in the ield of nanotech‑ 
nology enable the development of nano‑scale devices that 
can also utilize MC to support several potential applica‑ 
tions where conventional wireless communication using 
Electromagnetic (EM) waves is not feasible. Apart from 
this, biological cells can also be synthetically modi ied 
or generated to develop bio‑nanomachines to support 
various applications within Internet‑of‑Bio‑Nano Things 
(IoBNT) where the information can be easily encoded us‑ 
ing the concentration, release time, and type of molecules.

It is important to note that since the capabilities of indi‑ 
vidual bio‑nanomachines may be limited to simple sens‑ 
ing and actuation, the IoBNT [2] is envisioned to enable 
the interconnection of several bio‑nanomachines to per‑ 
form complex tasks. Applications of IoBNT include intra‑ 
body sensing and actuation, gene therapy, intra‑body con‑ 
nectivity control, arti icial blood cell production, and hu‑ 
man body monitoring by an external healthcare provider

[2]. This paradigm also poses several research challenges
in terms of communication and networking using bio‑
chemical infrastructure while enabling an interface to the
Internet. Development of ef icient and safe techniques
for information exchange, interaction, andnetworking be‑
tween the biological nano‑machines within the IoBNT, is
one of the major research challenges. In this context,
MC has attracted signi icant research attention to support
several health applications. Some of the other important
applications of MC i.e., Lab‑on‑a‑Chip (LOC) devices [3],
[4], Targeted Drug Delivery (TDD) [5], [6], and the diag‑
nosis and mitigation of infectious diseases at the cellular
level [7], [8], [9] are described below.

The detection of biomolecules for LOC has been proposed
in [3] using the Radio Frequency inductance capacitance
(RF LC) resonator. The principle behind the biomolecule
detection was detecting the changes in the RF signal due
to the permeability and the resistance of the biomolecule.
For LOC application, a relay‑assisted MC based on di‑
electrophoresis was proposed in [4] where the molecules
propagate from the transmitter to the receiver under the
in luence of a periodic electric ield generated inside the
relay. In this work, the inter‑relay segment is modeled
using the transmission line technique in which the re‑
lay provides drift to the molecules in the direction of the
intended receiver. In [10], a wearable susceptometer
(on inger) for detectingmagnetic nanoparticles has been
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proposed. In this work, a nano‑machine beneath the in‑
ger (inside body) could sense one type of molecule and
release another type of molecule (i.e., magnetic nanopar‑
ticles), which can be detected by the wearable suscep‑
tometer. The principle behind this system is that the cur‑
rent through the coil changes if the magnetic nanoparti‑
cles pass through it. The equivalent circuit for this detec‑
tor using the induction and the operational ampli ier has
also been presented therein.

A novel method was proposed in [11] to transmit the
digitally encoded Deoxyribonucleic Acid (DNA) using the
bacteria‑based nano‑networks. In this work, motile bac‑
teria moved towards non‑motile bacteria that stored the
digital information using plasmid (a DNA molecule). The
motile bacteria then conjugates with the non‑motile bac‑
teria to pick up the stored information. Finally, the motile
bacteria deliver the information to another location. The
movement of the motile bacteria was governed through
a molecular positioning system containing trilateral bea‑
cons, emitting chemo‑attractants.

For TDD applications, the authors in [5] proposed a
method for target delivery of nano‑sensors by using the
bacteria‑based coordination. Their proposedmethod uti‑
lized multi‑hop communication along with two different
chemicals for guiding the nano‑sensors in a particular di‑
rection. This setup can be useful in TDD applications
where drug delivery inside the cancerous tumor is re‑
quired. Further, for TDD and monitoring the drug con‑
centration, an implantable drug delivery system was pro‑
posed in [6] where the anti‑cancer drug molecules were
released by the transmitter towards the cancer cells that
may form a lump or tumor. The drug molecules are as‑
sumed to propagate inside the Extracellular Space (ECS).
For analysis purposes, spherical transmitter and receiver
models are considered and theChannel ImpulseResponse
(CIR) is derived and veri ied through particle‑based simu‑
lation. In this work, the drug concentration pro ile at any
point inside the tumor is also obtained by solving the con‑
volution of the release rate and the derived CIR.

Furthermore, a scheme for reducing the effect of propa‑
gation delay in a simultaneous drug delivery system was
proposed in [12], where a controller nano‑machine sent
signaling molecules to the drug‑carrying nano‑machines
which could be at unequal distances from the controller
nano‑machine. Upon receiving the signaling molecules,
the drug‑carrying nano‑machines were expected to re‑
lease the drugmolecules simultaneously. However, due to
unequal distances from the controller nano‑machine, the
drug‑carrying nano‑machines could not release the drugs
simultaneously. Apart from the TDD applications, vari‑
ous MC systems for health monitoring in IoBNT are also
present in the literature. For example, the work in [8]
proposed an MC‑based health monitoring system which
detects the biomarkers of heartattacks through the im‑
planted nano‑sensors. The nano‑sensors were designed
to sense the endothelial cells circulating in the body.

Also, the early detection of neurogenerative diseases such
as Alzheimer’s was presented in [13] considering the
MC. Thiswork considered an intercellular communication
systemwhere the calciummolecules were used as signal‑
ingmolecules and their oscillationpatternswere different
in the astrocyte (biological tissue) of a person suffering
fromdementia in comparison to ahealthyperson. Thedif‑
ference between the other metrics such as the molecular
delay, the channel gain as a function of distance (i.e., the
number of cells between the transmitter and receiver),
and the calcium oscillationswere also presented. Further,
a Microbiome‑Gut‑Brain‑Axis IoBNT communication net‑
work was studied in [14]. Note that the MGBA refers
to the bidirectional communication network between the
brain and the gastrointestinal tract, which in general in‑
cludes central, autonomic, and enteric nervous systems
of the body, the gastrointestinal tract, and its microbiome
(human microbiomes are responsible for launching the
immune system, affecting in lammatory homeostasis and
immune regulation). Also, electrical andmolecular infras‑
tructure to realize the communication through MGBA has
been discussed in [14].

For monitoring the viscosity of blood, a wearable smart
device was presented in [9] where a transmitter released
molecules (in particular aptamers) inside the blood ves‑
sel through a needle and these molecules were received
by the sensors. These sensors then sense the level of ab‑
sorption and differentiate between the levels of absorp‑
tion for high and normal viscosity scenarios. Further, a
method for detecting cancer usingmobile nano‑sensors in
the blood vessels was proposed in [15]. In this work, mo‑
bile nano‑sensors are used to detect the presence of can‑
cer biomarkers in the blood vessels. Finally, these mobile
nano‑sensors reach a fusion center (FC), which decides
the presence or absence of an anomaly after detecting the
concentration of biomarkers and comparing against the
threshold using the Log‑Likelihood Ratio (LLR) test. In all
the above studies, the transmitter and receiver were ei‑
ther static ormobile under pure diffusive or low‑induced
diffusive channels. Also, the scenarios and applications of
MC systems differ in each of the works. Hence, a struc‑
tured survey of transmission and detection under differ‑
ent scenarios and applications is required.

1.1 Related works
A survey on recent advancements in MC was presented
in [16] in which microscale and macroscale communi‑
cation along with modulation techniques, channel mod‑
eling, error correction codes, and simulation tools have
been discussed. In [17], an MC‑based nano‑network has
been studied for TDD applications. Particularly, the com‑
munication between different entities in a simple nano‑
network based TDD has been highlighted. Apart from
this, several challenges in modeling the cardiovascular
system, extracellular space, and cellular surface as a com‑
munication channel were presented. Apart from this, an
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overview of transmitter and receiver nano‑systems has
been provided in [17]. A survey related to transmitter and
receiver architectures has been published in [18], where
some of themodulation, coding, and detection techniques
have been discussed. In addition to these techniques, a
Graphene‑based transmitter and bio‑Field Effect Transis‑
tor (bio‑FET)‑based receiver have been described to real‑
ize the MC based systems.

A cooperative drug delivery systemwas discussed in [19]
where multiple mobile nano‑machines communicate and
deliver drugs in cooperative manner. More speci ically,
the leader nano‑machines sense the presence of a tar‑
get and release the attractant molecules in the environ‑
ment. The follower nano‑machines subsequently sense
the attractant molecules and move towards the target
for releasing drugs. Channel modeling for an MC‑based
system considering different types of transmitters (e.g.,
point, volume and ion channel based), and receivers (e.g.,
passive, fully absorbing and reactive) has been studied
in [20]. A survey on biological building blocks for MC
has been presented in [21] where the transmitter and
receiver for different types of signaling particles (i.e.,
cations, neurotransmitters, and phosphopeptides) have
been described. This work also discussed the biologi‑
cal approach for Inter‑Symbol Interference (ISI) mitiga‑
tion. Further, a survey on modulation techniques for
molecular communication has been presented in [22].
In [22], the modulation techniques have been classi ied
as concentration‑based, type‑based, release‑time‑based,
spatial techniques and higher order modulations. More‑
over, the metrics used for evaluating the performance of
modulation schemes are also presented therein.

In contrast to these existing survey papers, this survey
paper comprehensively focuses only on the transmission
and detection techniques present in the existing litera‑
ture under different channel conditions. It is worth not‑
ing that themodeling of the channel is different for differ‑
ent applications. Therefore, this paper also classi ies the
transmission and detection techniques based on the ap‑
plications. Broadly we discuss four different scenarios as
shown in Fig. 1: (i) static nano‑machines communicating
in pure‑diffusive channel without drift or low, (ii) static
nano‑machines under a low‑induced diffusive channel
which experiences diffusion as well as drift, (iii) mobile
nano‑machines under a pure‑diffusive channel, and (iv)
mobile nano‑machines under the low‑induced diffusive
channel. Further, we discuss the transmission and de‑
tection for relay‑assisted‑based MC systems, cooperative
or distributed‑detection‑based MC systems, MIMO‑based
MC systems, andmachine‑learning‑basedMC systems un‑
der all four possible scenarios described above.

The irst static transmitter and receiver scenario is shown
in Fig. 2, where nano‑machines reach the cell surface re‑
ceptor and can communicate over the cell surface. Such
a con iguration of nano‑machines is present in the ap‑
plication of TDD over a cell surface [23], [24]. Here the

drugs can be delivered to the malignant cell while min‑ 
imizing the drug delivery to healthy cells. Fig. 3 shows 
the static nano‑machines bound to the endothelial cells. 
However, the signaling molecules reach the receiver via 
drift and diffusion inside the blood vessel. This case can 
be found in the application of blood viscosity monitoring 
[9] and other health monitoring applications. In Fig. 4 
the nano‑machines and the signaling molecules are mo‑ 
bile and follow Brownian motion (free diffusion). This 
scenario can arise in the TDD application within the Ex‑ 
tracellular Fluid (ECF) [25] as the movement of transmit‑ 
ter/receiver within ECF is governed by free diffusion. Fig. 
5 shows that the nano‑machines and signaling molecules 
are mobile under the in luence of drift and diffusion in‑ 
side the blood vessel. Mobile nano‑machines inside the 
blood vessels can be used for early detection of biomark‑ 
ers released by cancer cells in the blood vessels [15]. This 
is also a health monitoring application.

Also, different types of MC systems have been proposed in 
the literature in which the simplest case considers a single 
transmitter and receiver. An example of a single transmit‑ 
ter and receiver communicating in a low‑based channel 
is shown in Fig. 6. A wearable device with a transmitter 
and receiver is implanted over human skin for monitoring 
the blood viscosity. The transmitter releases molecules 
through a needle and these molecules pass through the 
blood vessel. On the other hand, the statistics of the re‑ 
ceived signal are monitored at the receiver since the diffu‑ 
sion coef icient of the released molecules varies with vis‑ 
cosity of blood which in turn change the statistics of the 
received signal. This setup can be useful for detecting the 
hyper‑viscosity syndrome [9].

This simple case is further extended for the Multiple‑ 
Input Multiple‑Output (MIMO) scenario to enhance the 
data rate by dividing the bit stream among multiple trans‑ 
mit antennas. As shown in Fig. 7, these MIMO‑MC sys‑ 
tems can also be used for improving the rate of drug de‑ 
livery by using multiple transmitters and receivers. Here a 
transmitter (e.g., controller nano‑machine) can sense the 
amount of drug required over the cell surface and sends a 
signal to the receiver for drug delivery [26]. The receiver 
carrying drug molecules can deliver the drug molecules 
at the cell surface after receiving the signaling molecules 
from the transmitter. This process can be faster if more 
than one transmitter and receiver are used for drug deliv‑ 
ery. Further, note that in diffusion‑based MC, the range 
of communication is limited due to the loss of molecules 
caused by the random Brownian motion. Therefore, to in‑ 
crease the range of communication, an intermediate relay 
node is introduced in between the transmitter and the re‑ 
ceiver.
On the other hand, cooperative or distributed detection 
is proposed mostly for abnormality detection problems, 
where multiple receivers send their individual decision to 
a Fusion Center (FC) to make a global decision. 
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Fig. 1 – Various aspects of MC systems discussed in this paper.

An example of abnormality detection [15] has been 
shown in Fig. 8. This is a cooperative MC system for 
detecting the presence of a cancer cell. The cancer cell 
releases biomarkers inside the blood vessel. The 
concentration of biomarkers are sensed by multiple 
nano‑sensors and inally the FC placed at a suitable 
location inside the blood vessel collects the reading of 
nano‑sensors to decide whether cancer cells are 
present or not. For a global decision at FC, various 
decision rules at FC (e.g., AND, OR, and K out of N 
rules) have been proposed in the literature. In the AND 
rule, the FC makes a positive decision if all the receivers 
send a positive decision. In the OR rule, if any one of the 
receivers sends a positive decision then the FC makes a 
positive decision. In the K out of N rule, the FC makes a 
positive decision if K out of N receivers send a positive 
decision. Note that each of the decision rules results in 
different system performance.

Further, various machine‑learning‑based MC systems 
[27], [28], [29], [30] are also proposed in the literature. 
The advantage of machine‑learning‑based MC systems is 
that the receiver does not need any channel knowledge 
since it can directly learn from the data [31]. These ma‑ 
chine learning based algorithms are particularly suitable 
for detection in a complex environment e.g., more than 
two receivers in 3‑D medium.

Furthermore, every MC system discussed above is in‑ 
tended for different applications. An example showing the 
possible applications of the different MC systems in IoBNT 
has been shown in Fig. 9. In this example, if an abnor‑ 
mality detection system detects an abnormality such as 
cancer cells, it can send molecular signals to the bio‑cyber 
interface. The bio‑cyber interface can be a wearable de‑ 
vice that can convert molecular signals to electromagnetic 
(EM) signals [17] and vice versa. The bio‑cyber interface 
further sends the signal to an access point. 
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Fig. 2 – Schematic diagram of static transmitter and receiver over cell
surface receptors.

Fig. 3 – Schematic diagram of static transmitter and receiver bound to 
endothelial cells. Signaling molecules undergo drift and diffusion.

The signal reaches the medical personnel at a remote 
place through the Internet. The medical personnel can 
initiate the drug delivery process by sending appropriate 
commands to the drug delivery system inside the body. 
The signal propagates in the reverse order for this case. 
Further, different MC systems have to be used for the 
aforementioned scenario.

For example, cooperative MC systems are most suitable 
for abnormality detection and MIMO‑MC systems can be 
used for drug delivery. The requirement of a router to 
send signals between different networks is also men‑ 
tioned in [17]. Further, machine‑learning‑based MC sys‑ 
tem can be used at the FC and the bio‑cyber interface as 
the computational complexity of machine learning algo‑ 
rithms may not be feasible to implement on the nano‑ 
machines with limited computational complexity. Ir‑ 
respective of the complexity, this survey also covers the 
transmission and detection schemes proposed for all the 
aforementioned MC‑based systems. Further, the perfor‑ 
mances and the complexities of some important detection 
schemes have also been discussed and compared in this 
survey.

Fig. 4 – Schematic diagram of mobile transmitter and receiver inside ex‑
tracellular luid.

Fig. 5 – Schematic diagram of mobile transmitter and receiver inside the 
blood vessel. Transmitter, receiver, and signaling molecules propagate 
under the in luence of drift and diffusion.

The rest of the paper is organized as follows: Section 2 
describes the transmission and detection techniques 
when communicating   nano-machines  are  static.  
Section 3 discusses the transmission and detection 
techniques for mobile nano-machines. Transmission and 
detection used in some of the experimental works are 
presented in Section 4. Challenges of practical 
transmitter and receiver design as well as future 
research directions are presented in Section 5. Finally, 
Section 6 concludes the paper. Also, the complete list of 
acronyms used in this paper is given in Table 1.
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Table 1 – List of Acronyms

Acronym Description Acronym Description

Ach Acetylcholine MAP Maximum A posteriori Probability
ANN Arti icial Neural Network MC Molecular Communication
ASK Amplitude Shift Keying MF Matched Filter
AWGN Additive White Gaussian Noise MIMO Multiple‑Input Multiple‑Output
BA Biological Agent MISO Multiple‑Input Single‑Output
BCDA Block Coordinate Descent Algorithm MMC Mobile Molecular Communication
BCZ Bovine serum albumin protein conjugated ZnO

nano‑sphere
MMSE MinimumMean Square Error

BER Bit Error Rate MoSK Molecule Shift Keying
BFGS Broyden‑Fletcher‑Goldfarb‑Shanno mRNA Messenger Ribonucleic acid
BSA Bovine Serum Albumin MSSK Molecular Space Shift Keying
CDF Cumulative Distribution Function MTSK Molecule Transition Shift Keying
CIR Channel Impulse Response NP Neyman‑Pearson
CNT Carbon Nano‑Tube OOK On‑Off keying
CSI Channel State Information OSK Order Shift Keying
CSK Concentration Shift Keying PAM Pulse Amplitude Modulation
CTAT Count‑To‑A‑Threshold PDF Probability Density Function
CTMP Continuous Time Markov Process PDMS Polydimethylsiloxane
DFE Decision Feedback Equalizer PMF Probability Mass Function
DFF Decision Feedback Filter PNN Probabilistic Neural Network
DNA Deoxyribonucleic acid PPM Pulse Position Modulation
ECF Extracellular Fluid PSO Particle Swarm Optimization
ECS Extracellular Space QMSSK Quadrature Molecular Space Shift Keying
EGFETs Electrolyte‑Gated Field‑Effect Transistors RF LC Radio Frequency inductance capacitance
FC Fusion Center RKHS Reproducing Kernel Hilbert Space
FCM Fuzzy C‑mean RNN Recurrent Neural Network
FET Field‑Effect Transistor RS Reed‑Solomon
FRET Forster Resonance Energy Transfer RTSK Release Time Shift Keying
G‑LOD Generalized‑Local Optimum Detector SBRNN Sliding Bidirectional Recurrent Neural Network
G‑LRT Generalized‑Likelihood Ratio Test SEP Symbol Error Probability
HCl Hydrochloric acid SIMO Single‑Input Multiple‑Output
IG Inverse Gaussian SINR Signal‑to‑Interference plus Noise Ratio
ILI Inter‑Link Interference Si‑NW Silicon‑Nano Wire
IoBNT Internet‑of‑Bio‑Nano Things SISO Single‑Input Single‑Output
ISI Inter‑Symbol Interference SNR Signal‑to‑Noise Ratio
LED Light Emitting Diode SPIONs Super‑Paramagnetic Iron Oxide Nanoparticles
LLR Log‑Likelihood Ratio SVM Support Vector Machine
LM Levenberg‑Marquardt SWCNT Single‑Walled Carbon Nano‑Tube
LMS Least Mean Square TDD Targeted Drug Delivery
LOC Lab‑on‑a‑Chip TS Takagi‑Sugeno
LSTM Long Short Term Memory ZF Zero Forcing

2. TRANSMISSION AND DETECTION WITH
STATIC NANO‑MACHINES

2.1 Static nano‑machines in pure diffusive
channel

2.1.1 Single transmitter and single receiver‑
based MC systems

In [32], authors employed an On‑Off Keying (OOK) mod‑
ulation scheme at the transmitter where a ixed number
of molecules were transmitted for bit‑1 and no molecules
were transmitted for bit‑0. For this setup, optimal and

suboptimal detection schemes1 were derived by maximiz‑ 
ing the mutual information between transmitted and re‑ 
ceived symbols in the presence of ISI. In this work, per‑ 
fect synchronization between the transmitter and the re‑ 
ceiver is assumed to simplify the analysis. In contrast to 
OOK, the work in [33] considered a Molecule Shift Key‑ 
ing (MoSK modulation scheme in which different types of 
molecules are sent to transmit different symbols. In this 
work, a linear and time‑invariant model for signal prop‑ 
agation is assumed and the noise is modeled as the ad‑ 
ditive, uncorrelated, and non‑stationary random variable 
with zero mean and variance dependent on the magnitude 
of the signal.

1In contrast to suboptimal detection scheme, optimal detection scheme
requires a priori probability.
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Fig. 7 – Drug delivery over a cell surface using MIMO‑MC system.

A general block diagram of an MC system proposed in [33] 
has been shown in Fig. 10, where y(t) is the received sig‑ 
nal, Ntx is the number of transmitted molecules, p(t) is the 
pulse shaping ilter, h(t) is the CIR, and n(t) is the signal‑ 
dependent noise (other external noise sources can also be 
included). The received number of molecules is assumed 
to be binomial which is approximated as a Gaussian dis‑ 
tributed random variable to derive the maximum likeli‑ 
hood detector. In addition to the maximum likelihood‑ 
based detector, a sequence detection scheme (i.e., Viterbi 
detector) is also derived since the channel with ISI adds 
memory to the signal which is similar to a convolutional 
encoder using the shift registers.

For improving the BER performance compared to [33], 
the authors in [34] introduced a noise whitening ilter at 
the receiver for binary MoSK modulation‑based transmis‑ 
sion. In this work, the reception process was modeled as a 
Low Pass Filtering (LPF) operation where the LPF trans‑ 
fer function was derived using the ligand‑receptor bind‑ 
ing equation at the receiver. Moreover, the Brownian and 
residual noises corrupting the signal have been assumed 
to be signal‑dependent. Finally, the system bit error rate 
performance is shown to improve by using a noise whiten‑ 
ing ilter.

The work in [35] derived an energy‑based detector con‑ 
sidering the binary Pulse Amplitude Modulation (PAM) 
based transmission using a square pulse instead of an im‑ 
pulse of molecules. For this setup, the mean and vari‑ 
ance of the number of received molecules have been cal‑

culated by integrating the propensity function of concen‑
tration signal intensity over a symbol duration. Finally,
at the receiver, the threshold‑based detection was per‑
formed where the test statistic2 was shown to be com‑
posed of a constant, two Normal random variables, and a
Chi‑square random variable. Further, in [36], binary and
3‑ary PAM transmission schemes have been used. In this
work, the detection at the receiver was carried out based
on the response generated by the bacteria to the input
molecular signals. Four different sampling strategies of
the response were studied. These strategies were based
on the total response, peak response, positive and nega‑
tive slopes in which the BER for positive slope sampling
was found to be the worst.

In [37], the performance of NP and matched ilter (MF)
detectors were analyzed for the detection of a nano‑
biosensor signal corrupted with thermal and shot noises.
It is shown that these twodetectors result in identical per‑
formance in the presence of thermal noise only. However,
as the shot noise increases, theNP‑based test outperforms
the MF detector. Also, when the binary signals to be dif‑
ferentiated, are very close or farther from each other, both
NP and MF detectors have identical performance other‑
wise theNP rule outperforms. Further, binary and quater‑
nary ASK were used as the transmission schemes in [38]
and the receiver based on an NP test was proposed. In ad‑
dition to this, suboptimal detection schemeswith reduced
complexity were also reported.

On the other hand, OOK modulation and two different
methods of detection based on pulse amplitude and pulse
energy with ixed threshold have been proposed in [39].
In this work, analytical expressions of communication
metrics such as pulse delay (i.e., peak time), pulse am‑
plitude (i.e., the concentration at peak time), and pulse
width (i.e., the time difference between two points when
concentration falls to 50% of its peak value) were de‑
rived for the pulse amplitude‑based detector. Similarly,
the analytical expressions of pulse energy (i.e., the inte‑
gral of concentration with respect to time) and pulse du‑
ration (i.e., the time when the energy becomes a speci‑
ied fraction of total energy) have been derived for a pulse
energy‑based detector. It is observed therein that the
pulse amplitude and energy‑based detectors are suitable
for a high transmission rate and large transmission dis‑
tance, respectively.

In [40] the transmitter used a rectangular pulse of con‑
centration. Four differentmethods of detection have been
proposed at the receiver. More speci ically, Maximum A
posteriori Probability (MAP) and maximum likelihood‑
based sequence detection schemeswere proposed, which
maximize the joint Probability Density Function (PDF) of
received samples and the transmitted bits, and use the
Viterbi algorithm. Let bj denote the information bit trans‑

2The test statistic is derived by taking the logarithm of the likelihood
ratio that uses the Neyman‑Pearson (NP) formula.
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mitted in the jth bit interval. TheMAP sequence detection
corresponding to the transmitted bit sequence of length
N + 1 can be done according to the following equation

b̂N0b̂
N
0b̂
N
0 = argmax

bN0b
N
0b
N
0

f(yN0y
N
0y
N
0 , bN0b

N
0b
N
0 ), (1)

where b̂N0b̂
N
0b̂
N
0 represents the estimated sequence (of length

N + 1) for the transmitted sequence bN0bN0bN0 , and f(yN0y
N
0y
N
0 , bN0b

N
0b
N
0 )

is the joint PDF of the received signal samples yN0yN0yN0 and the
transmitted bits bN0bN0bN0 , which can be expressed as

f(yN0y
N
0y
N
0 , bN0b

N
0b
N
0 ) =

N∏
k=0

P(bk)
N∏

k=0

f(yk|bkk−Ibkk−Ibkk−I), (2)

if bk ’s are independent, I is the ISI length, P(bk) is the PMF
of the transmitted bit bk , and f(yk|bkk−Ibkk−Ibkk−I) denotes the con‑
ditional PDF of yk .

Further, in [40], a linear equalizer based on the Mini‑
mum Mean Square Error (MMSE) criterion and a non‑
linear Decision Feedback Equalizer (DFE) were also pro‑
posed. Performancewas evaluated for time‑invariant and
time‑varying3 channels. It is shown that the maximum
likelihood‑baseddetectorperformedbetter thanDFE, and
theMMSE equalizer performed theworst among all other
detectors. On the other hand, different concentration
levels of molecules for binary and quaternary Amplitude
Shift Keying (ASK) transmission schemes have been pro‑
posed in [41]. At the receiver, a signal detection rule based
on NP tests has been derived for both schemes. Perfor‑
mance of both detectorswas evaluatedwith increasing ISI
and BER was found to be lower in the case of binary ASK
than the quaternary ASK transmission.

A method of ISI mitigation using enzymes in the environ‑
ment was presented in [24]. For system setup, OOK at
the transmitter and a single sample‑based detector with
a ixed threshold at the receiver were employed. In this
work, a lower bound on the number of receivedmolecules
3Two different cases of time‑varying diffusion coef icient were selected:
i)D(t)=2.2×10−9+0.8×10−9 cos(2πt)m2/s, ii)D(t)=2.2×10−9+
0.8× 10−9 cos(10πt)m2/s. The channel variation is 5 times faster in
the latter case.

in the presence of enzymes was derived. Moreover, it was
shown that ISI, as well as useful signals, reduce by using
enzymes. For analysis purposes, the number of received
molecules was shown to be binomial distributed and its
approximation as Poisson distribution was shown to be
more accurate than the Gaussian distribution when cal‑
culating the detection probability at the receiver.

Similar to [24], the work in [42] also used an OOK mod‑
ulation scheme. However, the number of molecules re‑
leased by the transmitter was modeled as a random vari‑
able whose mean was known to both transmitter and re‑
ceiver. For signal detection at the receiver, a one‑shot
detector with three different signal processing schemes
based on sampling, correlation (multiplying the received
concentration by a correlation function which was con‑
stant or based onMF), and ISI cancellation (the difference
between the peak concentration or concentration at sym‑
bol end time whichever is minimum and the concentra‑
tion at starting time of the received concentration) were
proposed. Each of the schemes results in a different test
statistic. In this work, the ISI cancellation approach was
found to perform better than the schemes based on sam‑
pling and correlation techniques.

In [43], a transmission scheme similar to Release Time
Shift Keying (RTSK) was proposed to send a pattern of
molecules based on different time‑instants. For example,
the pattern δt,1 + δt,1.5 + 3δt,5 can be used for transmis‑
sion of bit‑1. As shown in Fig. 11, this pattern implies
that one molecule is sent at t = 1 s and t = 1.5 s time‑
instant, and three molecules are sent at t = 5 s time‑
instant. In thiswork, transmission, diffusion ofmolecules,
and reception were modeled using the Continuous‑Time
Markov Process (CTMP). For the reception, aMAPdemod‑
ulator has been employed which maximizes the posterior
probability that a symbol was sent given the history of
ligand‑receptor complexes formed at the receiver.

Further, the bit transmission based on the release time of
the molecule was proposed in [44]. In [44], three differ‑
ent detection schemes based on the maximum likelihood
detector, linear detector, and the detector based on the
irst arrival were considered. The propagation time of a
particle was assumed to be Lévy distributed for a pure‑
diffusive channel and inverse Gaussian (IG) for a low‑
induced diffusive channel. The performance of each de‑
tection scheme was evaluated for different propagation
pro ileswhere arrival time ismodeled as (i) uniformly, (ii)
exponentially, (iii) IG, and (iv) Lévy distributed random
variable. Further, it is shown that the detection based
on the irst arrival achieved the performance close to the
maximum likelihood‑based detection if the noise density
has zero mode4.

Further, for reducing ISI, a novel transmission scheme
based on Molecule Transition Shift Keying (MTSK) was
4The value of a random variable where the PDF is maximum is de ined
as the mode.

ITU Journal on Future and Evolving Technologies, Volume 2 (2021), Issue 3, 12 July 2021



Bio-cyber interface

(Machine learning based MC systems)

Access point

Bidirectional 

communication 

through EM 

waves

Medical 

personnel

Internet

Drug delivery

(MIMO-MC 

systems)

Abnormality monitoring

(Cooperative MC systems)

Molecular 

router

A
D

R

A

R

D

Molecular 

signal

EM based 

signal

Fig. 9 – Different MC systems for different applications in IoBNT [17].

Pulse 

shaping 

filter

y(t)

Signal dependent 

noise

p(t) h(t)

Channel 

impulse 

response

n(t)

Transmitted  

impulse

Ntxδ(t)

t=0

Received signal

Fig. 10 – A general block diagram of an MC system.

proposed in [45], where type‑A and type‑B molecules
were used for bit‑1 and nomolecule for bit‑0. As shown in
Fig. 12, in contrast to theOOKmodulation scheme, type‑B
molecules were released for bit‑1 before each bit‑0 to re‑
duce the effect of ISI. In addition to the MTSK modulation
scheme, receiver‑based ISI mitigation using a Decision
Feedback Filter (DFF) was proposed where the compu‑
tational complexity of DFF was independent of the num‑
ber of ilter taps. Further, the DFF is less complex than
the conventional DFE and MMSE equalizers. The results
showed that DFF signi icantly reduced the ISI from the
received signal before comparing it with a threshold for
detection. On the other hand, Impulse Transmission (IM)
and pulse transmission (PAM) schemes were proposed in
[46]. In this work, the energy‑based detection using the
binary hypothesis testing was proposed in the presence
and absence of ISI. The results therein demonstrated that
the IM transmission scheme has a higher probability of
detection in comparison to PAM.

A low complexity adaptive threshold detection scheme
has been proposed in [47] where the received signal in
the current bit‑interval was compared with the received
signal in the previous bit‑interval to decide in the favor

of bit‑1 or bit‑0, which was transmitted using the OOK
modulation scheme. Further, in [48], memory‑less and
memory‑based receiverdesignsbasedonaMAPrulewere
proposed for OOK modulated symbols. In this work, the
received signal PDF was considered as a Gaussian mix‑
ture model in presence of ISI and the detection thresh‑
old was evaluated iteratively by minimizing the proba‑
bility of error. Furthermore, the authors in [49] consid‑
ered rectangular pulse transmission using an OOK mod‑
ulation scheme, where a non‑coherent5 detection was
proposed which utilized the difference between the ac‑
cumulated concentration of molecules in successive bit‑
intervals. This scheme also provides ISI mitigation ca‑
pability. Further, this scheme gives better BER perfor‑
mance than the coherentMAPandMMSE schemes if chan‑
nel memory length is restricted to 10.

In [50], an OOKmodulation scheme has been employed at
the transmitter, while asynchronous peak detection and
energydetection schemeswith andwithoutdecision feed‑
back were proposed at the receiver. In an asynchronous
peak detector without decision feedback, all the sam‑
ples within a symbol interval were compared to ind the
maximum value, and the maximum value was compared
against the threshold for detection. Further, in the case
of detection with decision feedback, the expected ISI was
subtracted from the total received signal and then asyn‑
chronous peak detectionwas performed. A similar proce‑
dure was considered for energy detection with and with‑
out decision feedback. It is shown that the energy‑based
detectionwith ISI cancellation outperforms the other pro‑
posed schemes.

A convex optimization problem that minimizes the er‑
ror probability for determining the detection threshold
5In contrast to the coherent detector, a non‑coherent detector does not
require Channel State Information (CSI) at the receiver nano‑machine.
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was proposed in [51]. The logarithmic barrier function
was used in optimization. Further, the Newton‑Raphson
method was employed for updating the threshold in each
iteration. Authors in [52] proposed a non‑linear and non‑
coherent signal detection scheme for amplitude modu‑
lated symbols, where a combination of different decision
metrics was used for detection. The irst decision met‑
ric was constructed using the convex property of the il‑
tered signal, whereas the second decisionmetricwas con‑
structed using energy6 difference between the successive
symbols. In Fig. 13, the convex nature of the signal for bit‑
1 transmission can be observed. Further, in Fig. 14, the
energy difference is positive if bit‑1 is transmitted (e.g.,
energy difference of 2nd and 1st bit‑intervals) and nega‑
tive if bit‑0 is transmitted (e.g., energy difference of 3rd
and 2nd bit‑intervals). Most importantly, the detection
threshold at the receiver is obtained adaptively. The pro‑
posed scheme was shown to achieve BER performance
6Energy in a bit‑interval is de ined as the sum of all samples within a
considered bit‑interval.
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identical to MAP and MMSE detection schemes at a sig‑
ni icantly low Signal‑to‑Noise‑Ratio (SNR) range.

In [53], OOK was used at the transmitter and an adap‑
tive threshold‑based detection in presence of noise and
ISI was proposed at the receiver. Half of the total re‑
ceived molecules in the previous bit‑interval was used as
the threshold for detection in the current bit‑interval. It
is shown that the ixed threshold scheme does not work
well since a varying number of molecules (depending on
previous bit transmissions) due to ISI is added in the cur‑
rent bit‑interval. A transmission scheme similar to [53]
was also considered in [54]. However, at the receiver, the
authors proposed energy‑based and sampling‑based de‑
tection schemes. For the energy‑based detection scheme,
an optimal time‑interval was determined to minimize the
error rate at the receiver. For sampling‑based detection,
the total number of samples and the sampling point were
optimized to minimize the error rate.

The Pulse Position Modulation (PPM) scheme was pro‑
posed in [55] where molecules were released at the be‑
ginning and middle of the bit‑interval in case of bit‑1 and
bit‑0, respectively. A novel low complexity MAX detection
scheme was proposed where the time at which the maxi‑
mum concentration occurs is determined. In the case of
bit‑1 and bit‑0, the maximum concentration occurs be‑
fore and after the midpoint of the bit‑interval, respec‑
tively. The performance of the MAX detector was close
to the maximum likelihood detector except for scenarios
that experience signi icant ISI. Further, similar to [55], the
work in [56] also employed PPM modulation scheme at
the transmitter. However, in contrast to [55], two asyn‑
chronous detectorswere proposed in [56], where the irst
detection scheme approximated the observation vector to
a linear weighted quantity and used a maximum likeli‑
hood estimate for detection. In the second method, only
the irst arriving molecule was considered for detection.

Thus, the irst element of the observation vector was set
to one, and the rest of the entries were set to zero. Based
on this observation vector, a maximum likelihood estima‑
tion was carried out at the receiver.

The Reed‑Solomon (RS) coding scheme for MC was intro‑
duced in [57] to enhance the error rate performance at
the receiver. In this work, the system using RS coding
was shown to achieve better BER than the system which
uses hamming codes. Thework in [58] proposed constant
weight codes along with a maximum likelihood sequence
detection scheme at the receiver. This detection scheme
was non‑coherent, i.e., CSI free detection.

A soft detection schemeusing subtraction and genetic am‑
pli ier circuits modeled via chemical reactions was pre‑
sented in [59]. In this work, LLR was computed assuming
noise as Poisson (or Gaussian) distributed random vari‑
able. It was found that BER performance under both Pois‑
son and Gaussian models was identical thereby justifying
the Gaussian assumption. A sequence detection scheme
for OOK modulation has been proposed in [60]. Two‑
layered detection was performed where the irst layer
found the number of bit‑1 in the received sequence of 7‑
bits. A different group of 7‑bit patterns was divided into
zones based on a logarithmic metric. Zones containing
more number of bit‑1 had a higher metric. Then the sec‑
ond layer found the locations of bit‑1 in a speci ic zone by
using a Pearson correlationmetric. This process need not
search all the 7‑bit states thereby reducing the complex‑
ity.

On the other hand, a detector based on the derivative of
the received signal considering the OOK‑based transmis‑
sionwas proposed in [61]. More speci ically, for detection
of bit bj at the receiver, all the derivative values within jth
time slot of duration T were calculated using the received
signal y(t), and then themaximum of these derivative val‑
ues was compared against the ixed threshold ω as shown
below.

b̂j =

{
1 if maxy(kTs)−y((k−1)Ts)

Ts
≥ ω,

0 otherwise,
(3)

where jNs ≤ k < (j + 1)Ns, sampling time Ts is de ined
as Ts = T/Ns andNs is the number of samples taken in a
bit interval. Note that the threshold ω can be determined
empirically, where minimum BER is achieved. Simulation
results showed that theproposeddetectorperformedbet‑
ter than the MAP detector at a high data rate or small bit
duration.

Further, a preprocessing scheme based on higher order
derivatives has been proposed in [62]. Note that higher
order derivatives can be used if a high transmission rate
is required compared to the irst order derivative used in
[61]. This is because of the fact that the peak time reduces
with an increase in the derivative order. Also, higher or‑
der derivative processing offers better ISImitigation since
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the amplitude of the signal reduces quickly. However,
higher order derivatives may amplify the noise. Hence
the optimal derivative order is required for a trade‑off be‑
tween the noise ampli ication and ISI mitigation. For de‑
coding, maximum likelihood sequence detection with re‑
duced channel memory was used in [62].

In [63], a variant of OOK was proposed in which two dif‑
ferent types of molecules were considered for transmis‑
sion of bit‑1, and no molecules were released for bit‑0.
For bit‑1, the type‑Amolecule was transmitted at the be‑
ginning of a bit‑interval, and the type‑B molecule was
transmitted at the peak time of the type‑Amolecule. Fur‑
ther, in [63], another modulation scheme was the Order
Shift Keying (OSK) in which type‑A molecule was trans‑
mitted at the beginning of a bit‑interval, and the type‑
B molecule was transmitted at the peak time of type‑A
molecule for bit‑1 and the order of molecules transmis‑
sion was reversed for sending bit‑0. These procedures
reduced the ISI at the receiving nano‑machine as type‑
A and type‑B molecules were assumed to react together.
The schemes proposed are shown in Fig. 15. In addition
to these schemes, a suboptimal maximum likelihood de‑
tection scheme and ISI neglecting detection scheme were
also proposed.

The authors in [64] proposed an optimal detec‑
tion scheme based on Accelerated‑Particle Swarm
Optimization (A‑PSO). This scheme used an ac‑
celeration factor to ind the optimal weights
www = [wjNs , wjNs+1, · · · , w(j+1)Ns

], such that the er‑
ror probability is minimum as described below.

www = argmin
www

Pe. (4)

Finally, using these optimal weights, a weighted sum de‑
tector was employed at the receiver i.e., each sample
within a bit‑interval was multiplied by a weight and all
the weighted samples were added to compare against the
threshold θ for detection,

b̂j =

{
1 if∑(j+1)Ns

k=jNs
wkyk ≥ θ;

0 otherwise,
(5)

wherewk ≥ 0. This detectorwas shown toperformbetter
than the MF detector.

Further, a suboptimal detection scheme was presented in
[65], where the CSI was modeled as a Gamma distributed
random variable. A non‑coherent decision feedback de‑
tection was also proposed therein, which utilizes statisti‑
cal CSI. The proposed decision feedback detector consid‑
ered a ixed detection window of sizeK where a constant
CSI was assumed. Further, a blind CSI estimation‑based
detection was also proposed in which CSI estimates were
found by averaging over the expected positions of bit‑1
and bit‑0.

In [66], two different detection schemes based on the
maximum likelihood criterion were presented for a

ligand‑receptor type communication. The irst technique
considered the likelihood of observing bound receptor
molecules given the current transmitted bit and the esti‑
mate of ISI bits. The other one considered the likelihood
of observing the unbound time of receptors for detection.
The latter technique experiencedbetterBERperformance
because the bound state of receptors can provide little in‑
formation when the receiver saturates due to the ISI.

Further, three different detection techniques based on the
number of bound receptors, unbound time (around the
sampling time) of the receptors, and bound time of the
receptors were proposed in [67]. The detection based
on the bound time of the receptors was better in perfor‑
mance than the other two schemes. In this work, an esti‑
matorbasedon the log‑likelihoodof the ratio of ligandand
total concentration was also proposed for the detection.
In [68], chemical reaction networks for detecting binary
MoSK signals were proposed. In this work, sampling was
based on transcription networks and the demodulation
process used an integral feedback controller that senses
whether a chemical signal is above the threshold or not.
The demodulator output is used for detecting symbols us‑
ing the biological XOR gate.

In [69], OOK with rectangular pulse shaping was used
at the transmitter. The transmitted pulse was convolved
with the CIR to obtain the received signal. Further, at the
receiver, the detection process was carried out in three
steps: (i) stochastic resonance‑based nonlinear iltering
(processing based on local transient features), (ii) calcula‑
tion of the non‑coherent metric, and (iii) threshold‑based
detection. The decisionmetric was constructed by adding
the metrics of the convex property of the iltered signal,
transient shape among the symbols, and the energy dif‑
ference between the successive symbols.

The derivation of an event (e.g. presence of a cancer cell)
detection probability was presented in [70], where the
eventwas de ined as the hitting of a singlemolecule at any
one of the multiple receivers within a certain period. The
detection probabilities were derived for both degradable
and non‑degradable molecules. In this work, the centers
of the receivers were assumed to be distributed as a Pois‑
son point process. Also, the number of molecules to be
transmitted for a speci ied probability of event detection
was derived.

Rectangular pulse‑basedOOKwasused as themodulation
in [71]. Further, a weighted sum method with optimal
weights was proposed for detection and ISI mitigation at
the receiver. Optimal weights were obtained by maximiz‑
ing the Signal‑to‑Interference‑plus‑NoiseRatio (SINR) i.e.,
differentiating SINRwith respect to weights and setting it
equal to zero. Also, a block‑wise data detection‑based it‑
erativemethod for ISImitigationwas proposedwhere the
expected ISIwas subtracted from the total received signal.
Simulation results showed that the iterative method out‑
performed the weighted summethod for ISI mitigation.
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For better ISI mitigation in comparison with [71], a
scheme based on non‑linear mapping was proposed in
[72]. This scheme irst calculated the peak time of the CIR
and then the CIR before peak timewasmultiplied by a fac‑
tor such that the peak value of the CIR should increase.
Also, for ISI mitigation, the CIR after peak time was mul‑
tiplied by a different factor to reduce the CIR tail. Fur‑
ther, for OOK‑based transmission, a threshold‑based de‑
tection was performed using signal energy as a decision
metric. In this case, the threshold at the receiver was se‑
lected as themean of the signal energies of the previousP
bit‑intervals. Note that this selection of threshold is valid
only if P is signi icantly large. Simulation results demon‑
strated that this non‑linear mapping scheme had better
BER performance compared to the scheme proposed in
[71].

In [73] CSK modulation similar to [74] was used at the
transmitter. The detection was done by maximizing the
Probability Mass Function (PMF) of the number of re‑
ceived molecules. A similar detection procedure was
also presented considering the presence of an additional
source. This additional source generated interference
which was modeled using a uniformly distributed ran‑
dom variable for mathematical analysis. Also, an optimal
detection interval was found, which minimized the error
probability. Itwas shown that the optimal detection inter‑
val was less than the transmission bit‑interval. Authors
in [75] proposed coded modulation for binary OOK and
4‑ary CSK. Moreover, at the receiver, threshold‑less de‑
tection of data symbols was proposed since the thresh‑
old was set to zero due to the orthogonal coding scheme.
However, the data rate was limited7 for the proposed sys‑
tem due to channel coding.

Further, a generalized MoSKmodulation was proposed in
[76] to improve the data rate using less types ofmolecules

7Since the channel coding schemes append some coded bits to the infor‑
mation bits, the amount of information transmitted in a given time is
reduced in comparison to the scenario which does not consider chan‑
nel coding.

compared to the conventional MoSK modulation [33].
The generalized MoSK can transmit ⌊log2(M !/(MI !(M −
MI !))⌋ bits per symbol where MI out of M types of
molecules were required to send a symbol. While the
MoSK scheme can only transmit ⌊log2(M)⌋ bits per sym‑
bol usingM types of molecules. For example,M=16 is re‑
quired in MoSK whileM=6 andMI=3 is required in gen‑
eralized MoSK to achieve a data rate of 4 bits per symbol.
Apart from this, maximum likelihood detection consider‑
ing the presence/absence of ISI fromprevious one symbol
duration was used at the receiver. The simulation results
demonstrated that the proposedmodulation schemewith
amaximum likelihood detector achieves better error per‑
formance compared to MoSK, CSK and D‑MoSK schemes.

2.1.2 Relay‑assisted‑based MC systems

The work in [74] proposed CSK modulation where Q1

molecules were emitted to transmit bit‑1 and Q0(< Q1)
molecules were emitted to transmit bit‑0. This re‑
duces the Peak‑to‑Average‑Molecule Ratio that is suit‑
able for nano‑machines having limited storage. Further,
an estimate‑and‑forward relaying scheme was proposed,
which was shown to perform better than the decode‑and‑
forward, and amplify‑and‑forward relaying schemes. In
contrast to decode‑and‑forward relaying, this improve‑
ment arises since the estimate‑and‑forward relay trans‑
mits a soft decision. Also, the estimate‑and‑forward re‑
lay does not amplify the noise as seen in the amplify‑and‑
forward relaying scheme. The maximum likelihood esti‑
mation of the number of transmitted molecules was per‑
formed at the intermediate relay node which was also
used to ind the error probability at the destination re‑
ceiver. The optimization of the decision threshold in [74]
was similar to the one proposed in [51].

The work in [77] considered an amplify‑and‑forward re‑
laying scheme to increase the communication range. In
this work, a detection scheme based on the MAP rule has
been proposed for OOKmodulated transmission. The de‑
tection threshold was determined by differentiating the
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expected error probability with respect to the threshold
and substituting the resulting expression equal to zero.
Further, in [78], equal gain combining was used at the i‑
nal destination which could sense the molecules sent by
both the transmitter and the decode‑and‑forward relay
node. In this work, the optimal position of the relay and
optimal detection threshold at each of the receivers were
derived by using a Block Coordinate Descent Algorithm
(BCDA)whichminimizes the end‑to‑endprobability of er‑
ror. Note that single type of molecules transmission at
both the nodes causes ILI that in turn decreases the chan‑
nel capacity. Thus, to improve the channel capacity of a
decode‑and‑forward relay‑assisted‑basedMC system, dif‑
ferent types of molecules were used for transmission at
the source and the relay in [79]. For decoding, a joint op‑
timal detection threshold problem was also solved using
the Gradient Descent algorithm, which minimizes the er‑
ror probability with respect to thresholds at the interme‑
diate relay and the inal destination.

2.1.3 MIMO‑based MC systems
The work in [80] proposed a binary ASK modulation
scheme for the MIMO‑MC system. For the proposed
system, a Zero‑Forcing (ZF)‑based equalizer, as well as
ixed and adaptive threshold‑based detection schemes,
have been proposed. Simulation results demonstrated
that both ZF and adaptive threshold‑based detectors had
identical BER performance, however, the ixed threshold‑
based detection experienced the worst BER performance
at the receiver.

Derivative‑based detection for 2×2 MIMO‑MC consider‑
ing OOK modulation was proposed in [81]. In this work,
the detection was based on the premise that when a bit‑1
was transmitted the received signal had consecutive pos‑
itive derivative values due to an initial rise in the num‑
ber of received molecules, and in the case of bit‑0, the re‑
ceived signal either had consecutive negative slope values
or small positive values due to a weak rising edge caused
by the Inter‑Link Interference (ILI). Further, for detection
in a severe ILI scenario, a ZF detection scheme was pro‑
posed in [82] assuming asymmetric topology (different
number of transmit/receive antennas). The received sig‑
nal was multiplied by the Moore‑Penrose pseudo inverse
of the channel matrix to counter the ILI and also to yield
an estimate of the transmitted signal. Simulation results
showed that ZF detection with signal sampling at peak
times of respective receive antennas achieved lower BER
than the ZF detection with signal sampling at the same
time for all receive antennas.

AMIMO‑MCsystemwhere a transmitter could senddiffer‑
ent types ofmolecules was proposed in [83]. In this work,
optimizing the drug dosage (i.e., number of molecules
emitted by the transmitter) was considered. For perfor‑
mance analysis, BER was evaluated for four different con‑
igurations i.e., Single‑Input Single‑Output (SISO), Single‑
Input Multiple‑Output (SIMO), Multiple‑Input Single Out‑

put (MISO), and MIMO. Further, the work in [84] derived
approximate analytical expression of hitting probability
considering the the presence of two fully absorbing re‑
ceivers in 3‑Dmedium. Based on this expression, authors
demonstrated that a signalingmolecule has higher hitting
probability if two fully absorbing receivers at a distant lo‑
cation are used instead of a single fully absorbing receiver.
Further, considering null and alternative hypotheses with
OOK modulated symbols, the area under the ROC curve
was derived to analyze the detection performance at both
receivers. The insights developed in this work can be fur‑
ther used for designing the detection schemes with two
receivers.

2.1.4 Distributed detection‑based MC systems
Thework in [85] considered cooperative detectionwhere
more than one receiver detects the OOKmodulated trans‑
mitted bit and send their decision to an FC, which makes
a global decision using the majority, AND, and OR rules.
Simulation results demonstrated that the error probabil‑
ity for the majority rule was the lowest. In the noisy sce‑
nario, the OR rule performed better for high threshold
values. A square pulse transmission based on OOK was
proposed in [86] for abnormality detection. In this work,
the abnormality detection scheme considered a two‑tier
structure, where several sensor nano‑machines sensed
the abnormality and sent their decisions to anFC todecide
the presence or absence of abnormality. TheNP criterion‑
based generalized likelihood ratio testwas used for detec‑
tion in the irst tier and the OR‑based fusion rule [85] was
used at FC in the second tier.

Authors in [87] formulated a convex optimization prob‑
lem to determine the threshold at each of the receivers
and FC, which minimizes the expected end‑to‑end prob‑
ability of error. The performance of the system was eval‑
uated under perfect and noisy reporting by the receivers
to the FC. A similar systemof sensor nano‑machines send‑
ing molecular signals to an FC for cooperative abnormal‑
ity detection was proposed in [88]. In this work, two dif‑
ferent transmission schemes emitting the same type of
molecules and different types of molecules by sensors to
the FCwere considered. For detection, LLRwas compared
against the threshold to decidewhether an abnormality is
present or not. In addition to this, suboptimal detection
schemes for different types of molecules were proposed,
where only themaximumvalue inside the logarithm func‑
tion was considered. Moreover, the maximal ratio com‑
bining of the sensor outputs and two‑stagedetectionwere
also proposed therein.

Further, to reduce the number of samples and subse‑
quently decision delay at the FC, a detection technique
was proposed in [89]. This technique used a sequential
average probability ratio test, which employed two differ‑
ent thresholds for binary hypothesis testing. A decision
was made in favor of the irst hypothesis if LLR was less
than the lower thresholdotherwise the secondhypothesis
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was chosen if LLR was greater than the upper threshold.
If the LLRwas in between the lower and the upper thresh‑
olds, then only one more sample was collected and LLRT
was repeated again. A communication system similar to
[85] was proposed in [90]. In this case, multiple receivers
emitted the same type ofmolecules to convey information
to the FC and at the FC, a simple detection based on a con‑
stant threshold was proposed for decoding information
bits. This schemewas slightly inferior to themajority rule
considered in [85], which however had low complexity.

A communication system based on several nano‑sensors
sending information to the FC was proposed in [91]. This
system was for detecting the presence or absence of tar‑
get (malignant tissue) considering the unknown secre‑
tion rate of biomarkers and unknown location of the ma‑
lignant tissue. In this work, the LLR test was used at
the nano‑sensors for detection, whereas the Generalized‑
Likelihood Ratio Test (G‑LRT) and Generalized‑Local Op‑
timumDetector (G‑LOD) were proposed at the FC. In con‑
trast to G‑LRT, G‑LOD was less computationally complex
since it maximized the decision variable with respect to
target location only. A MIMO communication system was
proposed in [92] where multiple transmitters sent dif‑
ferent molecules to the receivers. A signal processing
scheme to ind the global peak out of various impulse re‑
sponses received at a single receiver was presented. Fur‑
ther, an NP test was performed at each of the receivers to
decide in favor of bit‑1 or bit‑0. Finally, the central node
i.e., FC collected all the individual decisions from each re‑
ceiver and made the decision usingK out ofN rule i.e., if
K or more thanK receivers decide bit‑1 then FC decides
bit‑1.

On the other hand, three different variations of maximum
likelihood detection were proposed in [93]. In a perfect
reporting scenario: i) the FC assesses each observation
by the receiver to calculate the likelihood. This is termed
as Full‑maximum likelihood. ii) The FC assigns equal
weight to all the samples within a bit‑interval at each
receiver. This is Limited‑maximum likelihood detection.
In noisy reporting, the FC adds all the observations that
arrive from different receivers and inds the likelihood.
All the receiver’s use single molecule and decode‑and‑
forward strategy to send information to the FC. Hence this
technique was termed as SD‑maximum likelihood. SD‑
maximum likelihood had the worst performance and the
Full‑maximum likelihood detection performed the best.

Abnormality detection and monitoring schemes using
sensor networks with FC have been presented in [94].
Sensors used the OOKmodulation scheme to transmit in‑
formation to the FC. After collecting observations from
all the sensors, the FC makes a inal decision on the
state of abnormality. Note that this system was based
on a partially observable Markov decision process (non‑
homogeneous Markov model). In this model, the system
state was de ined as the location and time of occurrences
of abnormalities at multiple sites, and how they propa‑

gate. Different situations in the system were mapped to
some states of the Markov process. Further, the proba‑
bility for each state was calculated and updated. Based
on these probabilities, the changes in the system were
monitored. More speci ically, the spreading of changes in
the environment (e.g. gradual tumor growth)was studied
for monitoring. On the other hand, suboptimal detectors
based onmyopic policywere proposed. For detection, the
aimwas to minimize the delay in reporting to the FC. Fur‑
thermore, binary and non‑binary stopping time scenarios
were investigated.

In [95], two maximum likelihood detection schemes (sin‑
gle molecule type and multiple molecule types) at FC
based on decode‑and‑forward relaying and an maxi‑
mum likelihood detection scheme based on amplify‑and‑
forward relaying was proposed. It was shown that the
multiple molecule type scheme outperformed the other
two proposed schemes for the considered cooperativeMC
system.

2.1.5 Machine‑learning‑based MC systems
An adaptive threshold‑based detection using an Arti i‑
cial Neural Network (ANN) was proposed in [27]. In
this work, the Gradient‑Descent algorithm was used for
weight optimization. Moreover, elements of the output
vector of the neural network were used as an adaptive
threshold for detecting the bits, e.g., if the number of re‑
ceived molecules in jth bit duration was Nrxj and oj was
the corresponding output of ANN thenNrxj > oj was the
rule for detecting bit‑1 and vice‑versa. In this work, BER
performance better than state‑of‑the‑art detectors was
claimed at a reduced number of transmitted molecules.

In [96], curve itting for the received molecules is done,
where the LeastMean Square (LMS)method is used to up‑
date the polynomial coef icients. Moreover, the weighted
sum of polynomial coef icients is used as the adaptive
threshold for detecting the information in the presence
of ISI. Further, Takagi‑Sugeno (TS) fuzzy model has been
employed,which can approximate complex nonlinear sys‑
tems with fewer rules and higher modeling accuracy, and
express the local dynamics of each fuzzy rule. The TS
model, which is comprised of an optimized structure (the
number of rules and inputs), optimized parameters for
membership function. This strategy can minimize the er‑
ror between the fuzzy output and the desired output. This
work also proposed anANNdetectorwith two hidden lay‑
ers, which combines the adaptive fuzzy threshold (in the
irst hidden layer) and polynomial approximation (in the
second hidden layer).

Further, for a CSK‑based modulation scheme, a deep
learning‑based detector was proposed in [28] that min‑
imized the difference between detected and transmitted
symbol vectors. The detector had 70 neurons in the irst
hidden layer and 10 neurons in the second hidden layer.
This detector performed well at SNR values of 18 dB and
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15 dB for ISI and ISI free scenarios respectively. Further‑ 
more, to reduce the number of hidden layer neurons, a 
different architecture of the feed‑forward ANN detector 
has been proposed in [29] where the training of a neural 
network was carried out for zero‑bit, one‑bit, and K‑bit 
memory receivers using the number of received particles 
and the corresponding transmitted bit. The number of 
hidden layers was 10 with 5 neurons in each layer. More‑ 
over, the Levenberg‑Marquardt (LM) optimization algo‑ 
rithm has been used for updating the weights. The detec‑ 
tion was based on whether the probability of observing 
a bit‑1 given the number of received particles and previ‑ 
ously estimated bits was greater or less than 0.5.

Further, two different detectors using feed‑forward NN 
having one hidden layer of 16 nodes and RNN having one 
Long Short‑Term Memory (LSTM) layer of 16 nodes at a 
fusion center in a distributed detection system was pro‑ 
posed in [97]. This system was proposed for a binary hy‑ 
pothesis testing to detect the presence or absence of an 
abnormality considering OOK‑based transmission. These 
detectors were trained using the received signal at the 
FC from all the sensors and the corresponding hypothe‑ 
sis. Adam optimizer and Gradient Descent with momen‑ 
tum were used for feed‑forward NN and RNN, respec‑ 
tively. These schemes avoid the requirement of an ana‑ 
lytical channel model and CSI estimation particularly for 
distributed MC systems. It was shown that an RNN de‑ 
tector performed well than the feed‑forward NN. Table 2 
summarizes the modulation and detection techniques in 
static MC without drift in the channel.

2.2 Static nano‑machines in low‑induced 
diffusive channel

2.2.1 Single transmitter and single receiver‑
based MC systems

In [98], a MAP rule‑based signal detection scheme with 
ISI cancellation was presented for binary and M‑ary trans‑ 
missions. The ISI cancellation was achieved by subtract‑ 
ing the expected ISI molecules from the number of re‑ 
ceived molecules in the current bit‑interval. In this work, 
positive drift velocity has been assumed and the PDF of 
irst hitting time of a molecule is considered as IG. The 
maximum likelihood sequence detection along with two 
variations of a weighted sum detector i.e., equal weight 
detector and MF detector were proposed in [99] for differ‑ 
ent types of low present in the environment. It is shown 
that the maximum likelihood sequence detection outper‑ 
formed the other two detectors for most of the scenar‑ 
ios. However, both weighted detectors performed well if 
a mild low was present opposite to the direction of infor‑ 
mation low. Further, the work in [105] considered OOK 
modulation and proposed an MF detector which maxi‑ 
mizes the SINR to calculate the optimal weights to be 
multiplied by each sample within a bit‑interval. 
However, the selection of the detection threshold was not 
specified therein.

In [112], binary and 4‑ary amplitude modulation schemes 
have been presented. Apart from these two schemes, au‑ 
thors also proposed a third modulation scheme where 
symbols 01 and 10 were considered as 1, and 00 and 
11 were considered as 0 and 2, respectively. For each 
scheme, Symbol Error Probability (SEP) expression was 
derived considering maximum likelihood detection at the 
receiver. Authors demonstrated that in positive drift sce‑ 
nario, SEP for all three schemes decreased with an in‑ 
crease in low velocity. Moreover, SEP performance of the 
third modulation scheme was in between the other two 
modulation schemes. Extending the previous work [99], 
the authors in [113] proposed Viterbi sequence detection 
to obtain a lower bound on the BER. Further, a family 
of weighted sum detectors (i.e., MF and equal weight de‑ 
tectors) were also proposed and their BER performances 
were compared with the Viterbi detector. Analytical ex‑ 
pressions were also derived for different weighted sum 
detectors. Further, ISI mitigation by using the enzymes 
in the environment was also included to enhance the per‑ 
formance at the receiver.

In [100], an OOK modulation scheme was considered for 
transmission. However, for detection, the variance of 
the propagation time of molecules was calculated and 
subtracted from the current time to ind the emitting 
time of the molecules. This detection process was asyn‑ 
chronous. In this work, the PDF of propagation time 
for superior vena cavae at 120 mm/s blood low veloc‑ 
ity and capillaries at 790 µm were shown. Further, for 
performance analysis, the error probability expression in 
terms of the Chi‑square Cumulative Distribution Function 
(CDF) is derived. Finally, the authors showed that the 
variance of propagation time PDF was lesser in superior 
vena cavae than the capillaries. Therefore, the commu‑ 
nication in superior vena cavae was slightly more reli‑ 
able than in capillaries. In [101], MoSK modulation was 
used for transmission where N molecules of type‑A and 
type‑B were released for sending bit‑1 and bit‑0, respec‑ 
tively. A novel asynchronous detector named Count‑To‑A‑ 
Threshold (CTAT) was designed which counted both types 
of molecules and then decided in favor of a particular bit 
if the number of molecules corresponding to that bit was 
above a prede ined threshold. In the presence of ISI, this 
detector resulted in a better performance than the simple 
binary detector, which compared the number of type‑A 
received molecules with type‑B received molecules.
The work in [103] proposed a binary timing‑based mod‑ 
ulation scheme for conveying the information between 
two communicating nodes. Also, three different detection 
schemes were proposed at the receiver. The irst detec‑ 
tion scheme was based on MAP criteria where a condi‑ 
tional PDF of output was maximized for detection; how‑ 
ever, it was very complex as the multiplication of several 
IG distributions were required. The second technique was
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Table 2 – Summary of transmission and detection in static MC without drift

Reference Modulation Detection Symbol‑
by‑symbol
(Sbs)/Sequence
(Seq) detector

Coherent/
Non‑coherent
detection

Complexity

[33] MoSK i) MAP detection without ISI
ii) Viterbi detection with ISI

Sbs for i) and
Seq for ii)

Coherent i) High
ii) Very high

[35] Binary PAM Log LRT for energy detection scheme Sbs Coherent High
[37] OOK NP test (for separating very close bi‑

nary signals) and MF detector
Sbs Coherent Low

[39] OOK Amplitude and energy detection with
ixed threshold

Sbs Non‑coherent Low

[34] MoSK MAP detection with noise whitening
ilter

Sbs Coherent High

[40] Rectangular pulse
based OOK

Adaptive receiver based on steepest
descent algorithm for i) MAP detec‑
tion ii)Maximum likelihooddetection
iii) MMSE equalizer iv) DFE

Seq for i), ii) and
Sbs for iii), iv)

Coherent i) Very high
ii) High
iii) Low
iv) Moderate

[41] Binary andquater‑
nary ASK

Log LRT for binary and M‑ary detec‑
tion

Sbs Coherent High

[43] Modulation based
on chemical reac‑
tion rate

MAP rule using CTMP Sbs Coherent Moderate

[45] MTSK DFF Sbs Coherent High
[86] OOK Cooperative detection with GLRT at

1st tier and OR fusion rule at 2nd tier
Sbs Coherent High

[52] Rectangular
pulsed based OOK

Nonlinear adaptive threshold detec‑
tion based on local geometry and en‑
ergy difference of received signal

Sbs Non‑coherent Low

[60] Rectangular
pulsed based OOK

Two layered detection for reduc‑
ing the number of sequences to be
searched

Seq Non‑coherent High

[27] OOK ANN with Gradient‑Descent opti‑
mization for weights

Seq Non‑coherent High

[61] OOK Derivative based detection Sbs Non‑coherent Moderate
[63] OOK and OSK Suboptimal maximum likelihood de‑

tector and ISI neglecting detector
Sbs Non‑coherent Moderate

[96] OOK ANN with fuzzy threshold detection
and polynomial approximation

Sbs Non‑coherent High

[29] OOK ANN detection with LM optimizer Sbs Non‑coherent Moderate
[71] Rectangular pulse

based OOK
Binary detection with iterative
method of ISI mitigation

Sbs Non‑coherent Moderate

average detection i.e., an average of the output was calcu‑ 
lated then fed to the MAP detector for reducing the com‑ 
plexity of the receiver. In the third technique, irst‑order 
arrival time was used as the test statistic.

In [104], the transmitter emitted molecules using the OOK 
modulation scheme. In this work, the channel was similar 
to the vein and at the receiver, maximum likelihood se‑ 
quence detection was used. The BER performance was 
evaluated in the presence of a periodic force generated 
due to heart pumping, where periodic force was modeled 
as a sinusoidal wave. Also, the performance evaluation 
was done considering different sinusoidal phases and the 
different size of transmitted molecules. Simulation re‑ 
sults demonstrated that performance improvement can 
be achieved by the appropriate selection of release time 
of molecules and their size.

Synchronous and asynchronous sensing techniques were 
proposed in [114]. In this work, two different nano‑ 
networks (each consisting of a single transmitter and re‑ 
ceiver pair) were assumed inside a blood vessel. At the 
receiver, energy detection was employed for detecting the 
molecules. Besides, sensing based on long and short sens‑ 
ing windows in the case of synchronous sensing was also 
proposed. Moreover, the Bayesian approach was used to 
derive the likelihood ratio test in the case when the two 
networks were not synchronized. In [115], sampling time 
i.e., the number of samples taken at the receiver was opti‑ 
mized to minimize the error probability with OOK modu‑ 
lated transmission. For decoding, an energy detector was
used at the receiver.
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Table 3 – Summary of transmission and detection in static MC with drift

Reference Modulation Detection Symbol‑
by‑symbol
(Sbs)/Sequence
(Seq) detector

Coherent/ Non‑
coherent detection

Complexity

[98] Binary and M‑ary
quantity based
modulation

MAP detection Sbs Coherent High

[99] Binary PAM Weighted sum detector Sbs Coherent Low
[100] OOK Detection based on variance

of arrival times of molecules
Sbs Coherent Moderate

[101] MoSK CTAT Sbs Coherent Low
[102] OOK i) Optimal distributed detec‑

tion using weighted Log LRT
ii)K out ofN fusion rule at FC

Sbs Coherent i) High
ii) Low

[103] Binary timing
based modulation

i) MAP detection
ii) Average detection
iii) Order statistic detection

Sbs Coherent i) High
ii) Low
iii) Moderate

[104] OOK Maximum likelihood se‑
quence detection

Seq Coherent Very high

[105] OOK MF detector Sbs Coherent Low
[106] OOK SBRNN with ADAM optimizer Seq Non‑coherent High
[107] MSSK and QMSSK i) Maximum count decoding

ii) Maximum likelihood se‑
quence detection
iii) Maximum likelihood de‑
tection

Seq for i), ii) and
Sbs for iii)

Non‑coherent in i)
and Coherent in ii),
iii)

i) Low
ii) High
iii) Moderate

[108] Release time shift
keying with con‑
volutional coding

Viterbi detection with asym‑
metric metric

Seq Coherent High

[30] OOK Parzen‑PNN based detection Sbs Non‑coherent High
[109] OOK Detection based on i) MAP

criterion ii) Mean square er‑
ror iii) Error probability min‑
imization

Sbs Non‑coherent i) Moderate
ii) Low
iii) High

[110] Rectangular pulse
based OOK

Sparse dictionary learning
and Kernel LMS algorithm

Sbs Non‑coherent High

[111] CSK Fuzzy C‑means clustering Sbs Non‑coherent Moderate

The channelmodeling for active andpassive receiverswas
proposed in [116], where reception probability for a pas‑
sive receiver and the PDF of irst hitting time at an ab‑
sorbing point located on an in inite plane were derived.
In addition to this, the reception probability of a molecule
was also derived for a receptor on an absorbingwall. Also,
maximum likelihood sequence detection using hard deci‑
sion Viterbi decoding was used at the receiver. In [122],
maximum likelihood detection and the detection based of
irst arrival time ofmolecules were considered for release
time modulation at the transmitter. Authors showed that
for the scenarios when the number of released molecules
is small, the detector based on irst arrival performed
very close to the maximum likelihood detector. On the
other hand, if the number of releasedmolecules are large,
the maximum likelihood detector outperformed the irst
arrival‑time‑based detector.

The maximum likelihood sequence detection has been
proposed for the M‑ary transmission scheme in [123]. In

this work, it is shown that the performance can be en‑
hanced by using a shift register of log2M bits at the trans‑
mitter. The state of shift register determined the num‑
ber of molecules to be emitted by the transmitter. A slid‑
ing bidirectional recurrent neural network has been pro‑
posed in [106] for sequencedetection. This procedure can
be useful when the channel model is unknown. In this
work, a sliding window is used over which the estimated
PMFs are averaged to ind the inal PMF.

Super‑Paramagnetic Iron Oxide Nanoparticles (SPIONs)
were used as the information particles in [124]. In this
work, OOK modulation and simple threshold‑based de‑
tection were used at the transmitter and receiver, re‑
spectively. Interestingly, an external magnetic ield was
used to guide the particles towards the receiver. Thus,
the movement of particles was studied under different
magnetic ield gradients and the system performancewas
characterized in terms of error rate under different parti‑
cle size distributions. It is worth noting that this scheme
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Table 4 – Comparison of different modulation schemes proposed in the literature

Reference Modulation Abbreviation Based on ISI miti‑
gation

Types of
molecule

[32], [39], [24], [50], [61],
[77], [117], [118], [119]

On‑off keying OOK Concentration No 1

[73], [74], [75], [120] Concentration shift keying n‑CSK Concentration No 1
[33], [68], [101] Molecular shift keying n‑MoSK Molecule type Medium n
[35], [36] Pulse amplitude modulation PAM Concentration No 1
[55], [56] Pulse position modulation PPM Molecule release time No 1
[45] Molecular transition shift key‑

ing
n‑MTSK Concentration and

molecule type
Yes 2n

[63] Order shift keying OSK Order of molecules Yes 2
[107] Molecular space shift keying MSSK Spatial position Yes 1
[107] Quadrature molecular space

shift keying
QMSSK Spatial position and

molecule type
Yes 2

[121] Depleted‑molecular shift key‑
ing

D‑MoSK Molecule type Yes n/log2n

can be useful in a negative drift environment where the
molecules move away from the receiver. In [108], re‑
lease time shift keying combinedwith convolution coding
and Viterbi decoding based on asymmetric distance met‑
ric was proposed. The basic premise of employing this
new metric was the asymmetry of the molecular chan‑
nel, unlike the symmetric Additive White Gaussian Noise
(AWGN) channel. In this work, encoders and decoders
based on biological circuits were also proposed, where li‑
posomes capable of receiving and sendingmoleculeswere
used.

A release time‑based modulation scheme was used in
[125] for amicro luidic channel with drift. In this scheme,
a molecule generator for synthesizing molecules and an
oscillator to control their release time were used at the
transmitter. On the other hand, the receiver used an os‑
cillator that was not synchronized to the transmitter and
NAND gate which could be designed using messenger Ri‑
bonucleic acid (mRNA) cells for generating any logical
function. For decoding, the receiver employed a max‑
imum likelihood‑based detection scheme. The authors
demonstrated that in the case of negligible background
noise, the variance of the arrival time ofmolecules follows
a non‑central Chi‑squared distribution. However, for the
case when the background noise was present, the PDF of
the sample variance of the arrival time was shown to be a
linear weighted function of non‑central Chi‑squared dis‑
tributions, where the weighting factors followed a hyper‑
geometric distribution.

In [120], three‑dimensional molecular cooperative com‑
munication system performance was analyzed under the
low‑induced diffusive channel. In this work, binary CSK
has been used at the transmitter and the equal gain com‑
bining was used at the receiver, which combined the sig‑
nals received from the transmitter and the intermediate
cooperative nano‑machine. The LRT‑based rule was used
to determine the detection threshold at the cooperative

nano‑machine. Moreover, the detection threshold at the
inal destination was obtained by minimizing the end‑
to‑end error probability using the Gradient‑Descent al‑
gorithm. In addition to decision thresholds, the optimal
number of molecules to be transmitted by the source and
the cooperative nano‑machinewas also determined using
the Gradient‑Descent algorithm. A method for estimating
various system parameters in the presence of drift was
proposed in [126]. In this work, maximum likelihood es‑
timation was used where the log‑likelihood function was
maximized to ind the diffusion coef icient, the distance
between the transmitter and the receiver, and the drift
velocity of the medium. The Cramer‑Rao lower bound as
well as the mean‑squared error in the estimation of dif‑
ferent parameters were also determined.

A linear ilter‑based receiver design was proposed in
[127] for the time‑varyingPoisson channel. In thiswork, a
sampled average of expected observed molecules for bit‑
1 and bit‑0 was found over all permutations of sequences.
Then, the ratio of these sampled average values was cal‑
culated to evaluate ilter coef icients. A worst‑case ilter
design was also proposed therein where all previous bits
were either 1 or 0. Finally, ilter design based on linear
programming was also discussed for a high transmission
rate. A fuzzy clustering algorithm called Fuzzy C‑mean
(FCM)was proposed in [111]where each bitwas detected
based on its closeness to the center of a particular cluster.
Themetrics used in this work for calculating the center of
the clusters were similar to the ones considered in [69].

2.2.2 Relay‑assisted‑based MC systems

AnMC systembased on decode‑and‑forward relayingwas
analyzed in [128] considering positive drift velocity. For
communication and also to avoid interference at the inter‑
mediate relay node, type‑A molecules were used by the
transmitter in the irst phase and type‑B molecules were
usedbya relaynode in the secondphase. The errorproba‑
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bility expression at the destination was derived which was 
shown to be a function of detection thresholds employed 
at the relay and destination nodes. Therefore, the authors 
determined: (i) the threshold at the relay node by using 
the likelihood‑ratio test and (ii) the threshold at the des‑ 
tination by minimizing the end‑to‑end error probability. 
This end‑to‑end error probability minimization problem 
was formulated as a quasi‑convex optimization problem, 
which was solved using the bisection method.

The work in [129] proposed an estimate‑and‑forward 
relaying scheme under the low‑induced diffusive chan‑ 
nel. In this scheme, estimating the number of transmit‑ 
ted molecules at the relay node was done by maximizing 
the joint PDF of all observations. The Newton‑Raphson 
method was used for this purpose. Moreover, the analyti‑ 
cal expression of error probability was derived consider‑ 
ing maximum likelihood and energy detectors at the re‑ 
ceiver. Simulation results demonstrated that the decode‑ 
and‑forward relaying achieves low BER if the relay is lo‑ 
cated close to the source. On the other hand, estimate‑ 
and‑forward relaying works better if the relay is located 
close to the destination. The work in [109] considered 
an amplify‑and‑forward relaying scheme to increase the 
range of communication. Three different detection tech‑ 
niques were presented considering OOK‑based transmis‑ 
sion. In particular, the detection based on mean‑squared 
error, the detection based on MAP, and the decision rule 
which minimized the error probability were considered.

2.2.3 MIMO‑based MC systems
In [130], the MISO system has been considered where 
multiple transmitters were assumed to send information 
in different time slots using OOK modulation. Apart from 
ISI, ILI was also considered while analyzing system per‑ 
formance. In this work, symbol duration and the number 
of transmitted molecules were jointly optimized. For this 
purpose, multi‑objective optimization was transformed to 
a single objective optimization by using the weighted sum 
method. This system was claimed to be useful for drug 
release management where the requirement of various 
drugs in different dosages was present.

Various index modulation schemes utilizing antenna sep‑ 
aration were proposed in [107]. The irst scheme con‑ 
sidered Molecular Space Shift Keying (MSSK) modulation, 
where the transmitter uses each of its antennas to trans‑ 
mit different bit‑streams. The second scheme consid‑ 
ered Quadrature Molecular Space Shift Keying (QMSSK) 
where two different MSSK modulators were used at the 
transmitter and each modulator sent a different type 
of molecule thus providing channels orthogonal to each 
other. The schematic representation of both MSSK and 
QMSSK schemes are given in Fig. 16. Also, a combi‑ 
nation of MSSK and QMSSK was proposed as the third 
modulation scheme. Three different detection schemes 
i.e., maximum‑count decoding, maximum likelihood se‑ 
quence detection, and symbol‑by‑symbol maximum
likelihood detection were studied.

In maximum‑count decoding, one receiver antenna index 
is found that receives the maximum number of molecules. 
Corresponding to that antenna index, an n‑bit sequence
is decoded where n = log2(nt) and nt is the number of 
transmit antennas. In maximum likelihood sequence de‑ 
tection, the likelihood function corresponding to a par‑ 
ticular symbol sequence is maximized. Towards this, 
the maximum likelihood sequence detector generates the
trellis to obtain the likelihood of nr

L antenna index vec‑ 
tors, where nr and L represent the number of receiver an‑ 
tennas and channel memory length, respectively. On the 
other hand, the symbol‑by‑symbol maximum likelihood 
detection decodes the symbol by maximizing the sum of 
likelihood functions at each of the receiver antennas.

2.2.4 Distributed detection‑based MC systems
A distributed detection scheme was proposed in [131] 
and [102], where many sensors sent molecules to an FC 
to decide the presence or absence of a biological agent 
(BA). In this work, the emission by the BA was modeled as 
the Kolmogorov‑Feller diffusion process (colloidal Brow‑ 
nian motion under drift). The weighted log‑likelihood ra‑ 
tio test was the optimal fusion rule for binary hypothesis 
testing. This rule is called the Chair‑Varshney rule under 
both the NP and Bayesian framework. Further, a subopti‑ 
mal fusion rule was also presented therein. Event detec‑ 
tion in anomalous diffusion with drift was studied in [132] 
for an FC‑based distributed nano‑network. Considering 
OOK modulated transmission, the detection at FC was car‑ 
ried out using the binary hypothesis testing with LLR. In 
this work, time‑slot optimization based on reinforcement 
learning was also proposed to increase the throughput of 
the network.

2.2.5 Machine‑learning‑based MC systems
High‑dimensional metric combining was proposed in [30] 
for a non‑coherent detection scheme. In this work, the 
irst metric was constructed using the rising edge prop‑ 
erty of the signal, the second metric was the minimum 
in lection considering successive time slots and the third 
metric was the energy difference in successive time slots. 
At the receiver, the sum of these metrics was used for de‑ 
tection, which was shown to be insensitive to ISI and im‑ 
perfect synchronization. Parzen‑probabilistic Neural Net‑ 
work (PNN) was trained using the high‑dimensional met‑ 
ric and corresponding symbols to obtain the approximate 
likelihood PDFs instead of exact likelihood PDFs for de‑ 
tection. Also, Parzen‑PNN was claimed to be less complex 
than the back‑propagation based ANNs and radial basis 
function‑based neural networks.

A non‑linear equalizer, which mitigates ISI and counters 
the non‑linearity of the channel has been proposed in 
[110]. In this work, lower‑to‑higher dimensional map‑ 
ping was carried out using a machine learning algo‑
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rithm, Reproducing Kernel Hilbert Space (RKHS). More‑
over, sparse dictionary learning and the Kernel LMS algo‑
rithm were used by the receiver for detection. Also, the
stochastic Gradient‑Descent approach was used for up‑
dating the weights.

2.3 Performance and complexity comparison
of different detection techniques for static
MC

If Ns denotes the total number of samples taken by the
receiver in a bit interval then the computational complex‑
ity of the linear MMSE method is O(N3

s ). The complex‑
ity of the coherent MAP method [40], [98] isO(2Ns). The
derivative‑based detector [61] offers less complexity and
better BER than the MAP detector [40]. Further, the non‑
coherent detector based on concentration difference in
[49] has a computational complexity of O(N2

s ). Further‑
more, the non‑linear detector in [69] offers less computa‑
tional complexity than the coherent MAP and MMSE de‑
tectors. With the channel coding scheme used in [58], the
complexity of maximum likelihood sequence detection is
O(Klog(log(S))) where K is the codeword length and
S is the number of available symbols at the transmitter.
To reduce the complexity of decoding the convolutional
codes, Viterbi detector with asymmetric distance metric
has been proposed in [108]. The complexity of the re‑
ceiver in [75] isO(K/2).

Both decision feedback and the blind detectors had a lin‑
ear complexity in n in [65] but the blind detector is less
complex than the decision feedback detector since it does
not needs the calculation of the complex decision met‑
ric and the statistical CSI. Here n denotes the sequence
length to be decoded. The CSI free detector proposed
in [69] gives a complexity of O(SNs). The MSSK mod‑

ulation helps to mitigate the ILI while the QMSSK miti‑
gates ISI signi icantly in MIMO systems [107]. Further,
a simple maximum count decoding introduced in [107]
offers less computational complexity than other existing
detection schemes for MIMO systems. Also, the complex‑
ity of estimate‑and‑forward relaying is the highest but it
gives improved performance than decode‑and‑forward,
amplify‑and‑forward relaying. The complexity of decode‑
and‑forward relaying increases with the modulation or‑
der [74] while amplify‑and‑forward relaying offers the
least computational complexity.

Further, the non‑linear receiver based on sparse dictio‑
nary learning and the Kernel LMS algorithm [110] gives
a complexity ofO(|Dm|)where |Dm| is the number of ob‑
servations present in the dictionary at convergence. Fur‑
thermore, a low complexity detection ≈ O(N2

s ) was pro‑
posed in [72]. In [111], the non‑coherent detection based
on Fuzzy‑C means clustering gives a computational com‑
plexity ofO(SNk) that is signi icantly less than the coher‑
ent MAP detection. HereNk is the number of data points
in a cluster. Time complexity of the ANN based detec‑
tor proposed in [27] was shown as O(

∑d
i=1 ni−1s

2
i fim

2
i )

where i is the index of a layer, d is the number of layers,
ni−1 is the number of input channels of the ith layer, si is
the spatial size of ilter, fi is the number of ilters in the ith
layer, andmi is the spatial size of the output feature. Fur‑
ther, in the Parzen‑PNN technique proposed by [30], the
complexities related to computation, time and storage are
O(dNs), O(d), and O(dNs), respectively. Here, d denotes
the dimension of the metrics and d = 3 was used in [30].
The Parzen‑PNN‑based detector is less complex than the
ANN‑based detectors. Table 3 summarizes the modula‑
tion and detection techniques in staticMCwith drift in the
channel.
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Further, Table 4 compares the various modulation 
schemes in terms of their ISI mitigation capability and 
the types of molecules required. In traditional OOK, no 
ISI mitigation is possible while the MoSK modulation 
suppresses the ISI moderately. The types of the molecule 
required in MoSK increase with the modulation order 
n. The MTSK [45] modulation also mitigates the ISI but 
the types of the molecule required are larger than MoSK. 
Further, OSK [63] has a good ISI mitigation capability 
and the types of molecules required are only 2. D‑MoSK 
[121] is a modi ied version of MoSK modulation that 
needs fewer types of the molecule than MoSK for a 
given modulation order. Also, MSSK and QMSSK [107] 
modulations use antenna separation to suppress the ISI 
and the ILI, and the types of the molecule required are 
less than most of the modulation schemes.

2.4 Challenges in detection and possible 
solutions

2.4.1 Noise and ISI in diffusive MC channel
The major challenge in detection arises due to noise 
and ISI experienced in the diffusing MC channel even for 
the static scenario where the distance between transmit‑ 
ter and receiver is constant. The number of received 
molecules Nrx(r, t) at time t and at a distance r from a 
point transmitter is given by [133]

Nrx(r, t) =
NtxVrx

(4πDt)3/2
e−r2/4Dt, (6)

where Ntx represents the number of transmitted
molecules, Vrx is the volume of the receiver, D is the
diffusion coef icient of a signaling molecule. Since the
distance r between the communicating nano‑machines is
constant, the time at which Nrx(r, t) is maximum, can be
obtained by differentiating (6)with respect to t and set it
equal to zero, as

tpeak =
r2

6D
. (7)

Also, the peak amplitude can be obtained by substituting
(7) in (6)

[Nrx(r, t)]max =

(
3

2πe

)3/2
Ntx
r3

. (8)

It can be observed from (8) that the peak amplitude is in‑
dependent of the diffusion coef icientD; however, varies
inversely as the third power of distance r. For the case
when r andD are constant, and the noise and ISI are ab‑
sent, as shown in Fig. 13, then detection at the receiver
can be easily performed by sampling at a ixed peak time
tpeak and comparingNrx(r, tpeak) against a threshold.

The threshold can be obtained by applying MAP‑based
rule [80] to the PDF of the received signals, as shown
in Fig. 17. According to the MAP‑based rule, the opti‑
mal threshold required for detection in jth bit‑interval for

Gaussian distributed signals is given by

λj = 0.5
µj1 + µj0

µj1 − µj0
σ2ln

(P(bj = 1)

P(bj = 0)

)
, (9)

where σ2 is the AWGN variance. Further, for Poisson dis‑
tributed signals, the detection threshold in jth bit‑interval
[133] can also be obtained by substituting PDF/PMF
equations in LRT expression (shown in Fig. 17) as

λj =

ln
(

P(bj=1)
P(bj=0)

)
+ µj1 − µj0

ln(µj1)− ln(µj0)
. (10)

In (9) and (10), the quantitiesµj1 andµj0 denote themean
of received signals corresponding to the transmission of
bit‑1 and bit‑0, respectively. The probabilities P(bj = 1)
and P(bj = 0) represent the a priori probabilities for bit‑
1 and bit‑0, respectively. For the case when the noise and
ISI are present, as shown in Fig. 14, sampling at tpeak can
cause incorrect detection. The received signal including
ISI (for OOK at transmitter) is given as

y(t) =
∞∑
j=0

bjNrx(r, t− jTb) + n(r, t), (11)

where bj ∈ {0, 1} is transmitted bit in jth bit‑interval, Tb

is the bit duration andn(r, t) is the signal dependent noise
whose variance is given as [39]

σ2[n(r, t)] =
3

4πr3rx
Nrx(r, t), (12)

where rrx is the radius of the receiver.

Fig. 14 shows the received signal perturbed by the noise
and ISI for the transmitted bit sequence [1 1 0 1 0]. In
the 3rd and 5th bit‑intervals the transmitted bit was 0,
but themaximum signal in those bit‑intervals is above the
threshold that lead to incorrect decoding if we employ an
asynchronous peak detector. In the MC channel, the noise
can be iltered out, as shown in [34] and maximum like‑
lihood sequence‑based detection can be used at the re‑
ceiver to enhance the systemperformance under ISI. Also,
MMSE equalizer and DFE can be considered for ISI mit‑
igation [40, 45]. It is worth noting that these equalizers
are less complex than the maximum likelihood sequence‑
based detection. Moreover, the detection in the presence
of time varying diffusion coef icient8 can also be done by
using a channel estimator proposed in [40].

2.4.2 Unknown channel model
If the channel model is not known at the receiver then
non‑coherent detection schemes such as [52] can be em‑
ployed, which relies on the local geometry of the received
signal and the energy difference between received signals
8A time‑varying diffusion coef icient can exist in multilayered channels
such as alveolar‑blood barrier [134].
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in consecutive bit intervals. Further, ANN‑based detec‑
tors can also be very robust [106] under unknown chan‑
nel conditions. These detectors can be trained on the
transmitted bit sequence and the corresponding received
signal or features extracted from the received signal. Also,
unsupervised clustering [111] based on a fuzzy clustering
algorithm can be useful in unknown channel conditions.

3. TRANSMISSION AND DETECTION WITH
MOBILE NANO‑MACHINES

This section presents various transmission and detection
schemes for mobile nodes. Performance and complexity
comparison of the detection schemes are also discussed.
An illustration of mobile nano‑machines inside the blood
vessel is shown in Fig. 18.

3.1 Mobile nano‑machines in pure diffusive
channel

3.1.1 Single transmitter and receiver‑basedmo‑
bile MC systems

A single sample detector at a ixed sampling time in each 
bit‑interval was proposed in [117] for diffusion‑based 
MMC, where the OOK modulation scheme was considered 
at the transmitter. In this work, dynamic CIR was mod‑ 
eled by using the effective diffusion coef icient value9 in 
the expression of static CIR. No noise and ISI were con‑ 
sidered while analyzing the system performance in terms 
of error rate. The error probability of the order of 10−4

was obtained in the case of the low diffusion coef icient of 
the transmitter (i.e., 10−12 m2/s). However, an increase in 
the diffusion coef icient by 100 times led to degradation in 
BER performance by approximately 100 times indicating 
that the ixed sampling time does not work well for MMC.

A non‑coherent detection scheme based on the local con‑ 
vexity of the received signal has been proposed in [135]. 
In this work, the received signal was iltered using a mov‑ 
ing average ilter. Three convexity metrics have been 
found and added together to yield the inal decision met‑ 
ric. This decision metric was compared with a threshold 
to decide in favor of bit‑1 or bit‑0. Note that the convex‑ 
ity metric was higher in the case of bit‑1. Also, the upper 
and lower bounds on the detection threshold were eval‑ 
uated. Finally, the authors showed that the complexity of 
the convexity‑based detector was lower than the MAP and 
MMSE detection schemes, however, the proposed detec‑ 
tion scheme achieved the identical BER values as the MAP 
and MMSE detectors at a higher SNR regime.
9Effective diffusion coef icient is calculated as the sum of diffusion coef‑
icients of signaling molecules and the receptors.
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Two methods of adaptive threshold detection for OOK 
transmission were proposed in [118]. The adaptive 
threshold calculation was based on determining the aver‑ 
age distance variation within a symbol interval. The dis‑ 
tance was calculated using the diffusion equation (6). The 
irst adaptive detection scheme was based on a compari‑ 
son of received concentration with the adaptive threshold. 
In this scheme, the adaptive threshold was selected as half 
of the maximum value of the reconstructed signal during 
the interval where the last bit‑1 was detected. Thus, the 
decision rule to detect the transmitted bit in the jth bit 
interval can be expressed as

b̂j =

{
1 if hj,peak ≥ h∗,peak/2,

0 otherwise, (13)

where ∗ denotes the index of the last bit‑1 detected, and
hj,peak is the peak value of reconstructed signal using av‑
erage distance between the transmitter and the receiver
in jth bit interval.

The second detection scheme was peak time‑based de‑
tection in which the peak time of the current bit‑interval
was compared with 1.6 times the peak time of the recon‑
structed signal where the last bit‑1 was detected. More‑
over, ISI mitigationwas also performed by subtracting the
reconstructed signals of previous bit‑intervals from the
total received signal in the current bit‑interval. Simula‑
tion results demonstrated that these detection schemes
performwell if the coherence time of the channel is large,
however they fail to give satisfactory performance if the
coherence time is small (i.e., around 1‑bit interval).

To overcome the limitations of this work, another de‑
tection scheme was proposed in [136] in which mod‑
i ied concentration shift keying was used where some
molecules for bit‑0 were also transmitted. This could
help the receiver to ind the distance using the diffusion
equation even when bit‑0 was transmitted and the adap‑
tive threshold was calculated based on the reconstructed
signals of previous bit duration unlike [118] where the
threshold calculation based on the bit duration in which
the last bit‑1 was transmitted. The detection rule in [136]
is given by

b̂j =

 1 if max(xrk,k[j]) ≥
f1,max(j−1,t)−f0,max(j−1,t)

ln f1,max(j−1,t)

f0,max(j−1,t)

;

0 otherwise. (14)

where xrk,k[j] is the ISI mitigated signal in jth bit inter‑ 
val, rk is the distance between the transmitter and the re‑ 
ceiver at kth sample, f1,max(j −1, t) and f0,max(j −1, t) are 
the peak values of the reconstructed signals for bit‑1 and 
bit‑0 respectively in (j − 1)th bit interval. It is shown that 
the detection scheme in [136] performs well for a coher‑ 
ence time of ≈ 2‑bit duration.

Further, a signal detection scheme with initial distance 
estimation was proposed in [137]. In this scheme, a pi‑ 
lot signal was released before information transmission 
which assisted to estimate the stochastic distance based 
on maximizing the likelihood of the received signal in the 
irst step. In the second step, maximum likelihood esti‑ 
mation was used to ind the initial distance by maximiz‑ 
ing the likelihood function based on the PDF of distance. 
Authors employed a MAP‑based detection scheme at the 
receiver and based on this, the expression for optimal 
threshold was obtained. Furthermore, an adaptive detec‑ 
tion scheme for OOK modulation was proposed in [138], 
where the decision threshold in the current bit‑interval 
was selected as the weighted sum of the received signals 
in the previous two bit‑intervals. The weights were ob‑ 
tained by minimizing the error rate at the receiver nano‑ 
machine. Also, a pre‑coding scheme was presented to 
combat ISI, where the transmitter scaled the number of 
released molecules if two consecutive bit‑1 were trans‑ 
mitted. The probability of error was further minimized to 
determine the optimal scaling factor. The proposed tech‑ 
nique outperformed the ixed threshold technique and the 
one presented in [47] where the received signal in the pre‑ 
vious bit‑interval was considered as an adaptive thresh‑ 
old.

Optimal LLR based decision rule was derived at the re‑ 
ceiver in [139]. Based on the derived optimal rule, the 
probability of error with respect to the number of trans‑ 
mitted molecules and channel capacity with increasing 
external interference was also evaluated. A detection 
scheme based on slope values within a symbol interval 
was proposed in [140] considering OOK based transmis‑ 
sion at the transmitter. In this work, Einsteins’ law of dif‑ 
fusion was used to ind the CIR. Moreover, the detection 
threshold was set to zero as the slope value was positive 
for bit‑1 and negative for bit‑0. Cell‑to‑cell communica‑ 
tion based on calcium signaling was proposed in [141]. 
In this work, intra‑cellular and intercellular calcium sig‑ 
naling was studied for mobile cells in an environment 
composed of cytoplasm. Based on the external diffusion 
model of calcium, the transmission of calcium‑based on 
concentration and waveform was also studied. Moreover, 
the decay of calcium signals in the environment and the 
number of activated cells as a percentage of sender cells 
were analyzed.

The work in [142] studied cluster formation by a set 
of mobile nano‑machines using the attractant molecules. 
This work considered that the angular movement of nano‑ 
machines was in the direction of the maximum concen‑ 
tration gradient and the concentration sensed by nano‑ 
machines was governed by their sensitivity. The number 
and size of clusters were shown to be controlled by the 
sensitivity of nano‑machines to the concentration of at‑ 
tractants. An MMC system for drug delivery was proposed 
in [143] where drug carriers and diseased cells were con‑ 
sidered as transmitters and receivers, respectively. Using 
the PDF of stochastic CIR and the reception probability
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of a single molecule, the authors demonstrated that the
controlled drug release mechanism was shown to be bet‑
ter than the constant drug release. Moreover, the PDF
of the dynamic distance between the transmitter and the
receiver was used to optimize the release pro ile at the
transmitter, the time duration of a frame, and the detec‑
tion threshold at the receiver.

A non‑coherent iterative detection has been proposed in
[144] considering the 1‑D motion of transmitter and re‑
ceiver, where the PDF of irst hitting time was obtained
in terms of effective diffusion coef icient [117]. In this
work, ISI mitigationwas also implemented by subtracting
the average ISI concentration from the total received sig‑
nal in the current symbol‑interval. Another non‑coherent
detection scheme for OOK was proposed in [145], where
the decision metric was calculated as the difference of
the signal energies received in current and previous bit‑
intervals. This technique is useful for the scenarios that
experience strong ISI because it makes the energy differ‑
ence positive in the case of bit‑1 and negative in the case
of bit‑0.

In [133], the statistical nature of CIR in the case of MMC
was investigated, where the mean and variance of the
noiseless and noisy received signal were derived. The
noisy received signal was shown to be Poisson‑Log nor‑
mal distributed which could be approximated as Poisson
distributed in some cases. In this work, the PDF of the dy‑
namic distance was also found. Moreover, binary hypoth‑
esis testing was done at the receiver for three different
detection thresholds i.e. ixed threshold, half threshold,
and optimal threshold according to MAP rule for Poisson
distributed signals. Simulated results demonstrated that
theMAP‑based optimal thresholding scheme achieved the
lowest BER and on the other hand, the half threshold
scheme performed the worst.

In [146], two transmission techniques based on CSK and
Manchester coding were presented, where bit‑1 and bit‑0
were represented as symbol [1 0] and [0 1], respectively.
Moreover, at the receiver, a concentration difference‑
based detection was proposed which used the maximum
concentration difference within a bit‑interval for detec‑
tion of the transmitted bit using CSK. ForManchester cod‑
ing at the transmitter, the detector employed a decision
metric based on concentration difference between suc‑
cessive bits and the detection threshold was found using
the MAP rule.

In [119], OOK modulation has been used at the transmit‑
ter and an adaptive detection scheme based on local con‑
vexity of the received signal in the case of bit‑1 and con‑
cavity of the received signal in the case of bit‑0 was pro‑
posed for the receiver. In this work, the average of the
received signal was found where the average was calcu‑
lated for the two sampling times within which the signal
was convex. For example, 0.1 s and 0.3 s in Fig. 13. This
average valuewas later subtracted from the peak received

signal within a bit‑interval for designing a convexity met‑ 
ric. Moreover, an adaptive threshold was obtained as the 
weighted sum of convexity metrics of the bit‑intervals in 
which the last, the second last, and the third last bit‑1 
were detected.

3.1.2 Relay‑assisted‑based mobile MC systems

Forster Resonance Energy Transfer (FRET10)‑based MMC 
has been proposed in [147] for detecting tumors. In this 
work, authors considered two different types of network 
con iguration: (i) FRET‑based mobile sensor and actuator 
network in which molecular sensing and actuating tasks 
were carried out at the molecular level, (ii) FRET‑based 
mobile ad‑hoc network with source, relay, and destina‑ 
tion nodes, where the source transmits information to the 
relay node or destination in a probabilistic manner. De‑ 
tection probability and detection time of a single message 
were analyzed, where message propagation is modeled 
using the Markov‑chain process.

3.1.3 MIMO‑based mobile MC systems
In [148], MIMO‑MC was proposed for both static and dy‑ 
namic transmitter and receiver scenarios. Before sending 
a block of data, a training sequence was sent for chan‑ 
nel estimation. Channel estimation was done using the 
maximum likelihood CIR and the least square CIR esti‑ 
mators, where the latter was less complex to implement. 
In this work, the training sequence was selected which 
maximized the Cramer‑Rao bound of the CIR. The au‑ 
thors also studied the performance of DFE, MMSE‑DFE, 
and ZF‑DFE equalizers for ISI/ILI mitigation. Moreover, 
to avoid cross‑talk, time interleaving was used, where dif‑ 
ferent gates at the transmitter released molecules at dif‑ 
ferent time intervals within a bit duration. For perfor‑ 
mance evaluation, the authors showed that MSEs for the 
least‑squares CIR estimator and maximum likelihood CIR 
estimator were 16 dB and 14 dB, respectively, at a train‑ 
ing sequence of length 250 bits. Further, with a decrease 
in training sequence length from 250 bits to 16 bits, the 
MSEs for least squares and maximum likelihood CIR esti‑ 
mators increased to 25 and 23 dB, respectively.

3.1.4 Machine‑learning‑based mobile MC 
systems

Various symbol‑by‑symbol and sequence detectors based 
on neural network11 for binary and M‑ary amplitude 
modulation schemes were proposed in [31]. Specif‑ 
ically, Recurrent Neural Network (RNN), Bidirectional 
RNN (BRNN), and Sliding BRNN (SBRNN) with LSTM cells 
were used, where SBRNN was shown to perform 
well for a coherence time of ≈ 1‑bit duration. 
10FRET is an energy transfer mechanism observed in luorophores.
11A signi icant advantage of neural network‑based detectors is that they
can performwell in time‑varying channels where CSI is dif icult to ob‑
tain at the receiving node.
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Besides, a comparison with Viterbi sequence detection 
was also presented in [31].

Further, the work in [149] proposed an ANN‑based detec‑ 
tion scheme using Broyden–Fletcher–Goldfarb–Shanno 
(BFGS) algorithm where received signal was iltered then 
the iltered signal, slope values and the concentration dif‑ 
ference values of the iltered signal were used for training 
and detection by the NN. Filtering the received signal was 
done by partitioning the bit interval into P equal subin‑ 
tervals and averaging the signal in each partition as de‑ 
scribed below.

ϕi =
1

Np

jNs+high∑
k=jNs+low

yj [k], (15)

where i = 0, 1, 2, · · · , P −1 andNp is the number of sam‑
ples within a partition. The low and high parameters are
de ined as, low = iNp and high = (i + 1)Np − 1 for
ϕi. Using (15), the iltered signal in jth bit interval can be
written as ϕjϕjϕj = [ϕ0, ϕ1, · · · , ϕP−1]. Based on this iltered
signal, the slope vector sjsjsj and concentration difference
[146] vectordjdjdj can be obtained assjsjsj = [s0, s1, · · · , sP−2],
where si = ϕi+1 − ϕi and djdjdj = [d0, d1, · · · , dP−2], where
di = ϕi+1 − ϕ0. Thus, the features zjzjzj (input to the detec‑
tor) for the three different techniques were based on (a)
the iltered signal, (b) slope, and (c) concentration differ‑
ence:

zjzjzj =


ϕjϕjϕj for (a),
[s0, s1, · · · , sP−2, E(sjsjsj), var(sjsjsj)] for (b),
[d0, d1, · · · , dP−2, E(djdjdj), var(djdjdj)] for (c),

(16)
whereE(·) andvar(·)denote the expectation and the vari‑
ance. In this work, the transmitted bits are represented in
the following manner. For bit‑0, pjpjpj = [0 1]T and for
bit‑1, pjpjpj = [1 0]T . Note that the values inside pjpjpj repre‑
sent the Probability Mass Function (PMF) of the transmit‑
ted bit. If L consecutive bits are transmitted then PLPLPL =
[p1p1p1, p2p2p2, · · · , pLpLpL] represents the sequence of transmitted
bits and ZLZLZL = [z1z1z1, z2z2z2, · · · , zLzLzL] be the corresponding fea‑
tures then the trainingdata set is representedby (PLPLPL,ZLZLZL).
The output of the NN is the vector p̂ppjjj = NN(zjzjzj ;WWW ),
whereWWW represents the weights and biases in the NN. Fi‑
nally, the bits are estimated according to the following cri‑
terion

b̂j = arg maxbjϵS p̂ppjjj , (17)

where p̂ppjjj = [Pr(bj = 1|zjzjzj) Pr(bj = 0|zjzjzj)]T is the esti‑
mated PMF vector.

Furthermore, a detection scheme based on Generative‑
Adversarial‑Network (GAN) has been proposed in [150].
This network learned from the channel transition prob‑
ability. For ine tuning the transition probabilities, the
scheme in [150] combined the use of pilot symbols and
generating training data in real time to track time‑varying
channels. Most importantly, this scheme avoids re‑
training the network from the beginning.

3.2 Mobile nano‑machines in low‑induced
diffusive channel

3.2.1 Single transmitter and single receiver‑
based mobile MC systems

A quaternary modulation scheme for reducing ISI was
proposed in [121], where type‑A and type‑B molecules
were used for transmission. In this scheme, no molecules
were sent for symbol [0 0], type‑Amoleculeswere sent for
[0 1], type‑Bmolecules were sent for [1 0], and both types
molecules were sent for symbol [1 1]. This scheme was
termed as Depleted‑MoSK (D‑MoSK). For decoding pur‑
poses, maximum likelihood detection was used at the re‑
ceiver. Individual thresholds for both types of molecules
were used at the receiver e.g. if the number of type‑A
molecules was above a certain threshold ta and the num‑
ber of type‑B molecules was less than the threshold tb
then the transmitted symbol was decoded as [0 1].

On similar lines, other symbols were decoded. Simulation
results showed that the D‑MoSK modulation scheme re‑
sulted in a better BER performance than MoSK. Further,
a novel modulation based on permutation of different
moleculeswas proposed in [153] to achieve better perfor‑
mance than D‑MoSK in the presence of strong ISI. In this
modulation scheme, different types of molecules were
sent at different instants within a symbol duration. If M
different types ofmolecules are chosen thenM ! permuta‑
tions exist and in this case a total ⌊log2M !⌋ bits per sym‑
bol can be sent. At the receiver, maximum likelihood de‑
tectionwas performed. Thismodulation schemeachieved
better BER performance thanMoSK andD‑MoSK schemes
for a large ratio of number of transmittedmolecules to in‑
formation bits per symbol.

In [154], a nano‑sensor network for in‑body applications
has been proposed in which various nano‑machines used
repellent molecules to move away from one another. This
process is suitable for searching a target inside the body.
Further, attractant molecules were used by the nano‑
machines to come closer once the target is detected. In
this work, a non‑diffusion12‑based MC has been assumed
and the gradient of adhesive molecules which could bind
to the inner wall of the blood vessel were used for guid‑
ing the mobile nano‑machines. This kind of coordination
can be useful where loss of molecules due to diffusion is
high. More speci ically, the aim of this work was to eval‑
uate the number of nano‑machines near to the target and
the number of nano‑machines hitting the target.

Furthermore, a leader follower‑based MMC has been dis‑
cussed in [155]. After inding the target location, the
leader nano‑machines released adhesivemoleculeswhich
could be sensed by the follower nano‑machines for mov‑
ing towards a target (e.g., cancer cells) for various pur‑
poses such as drug delivery etc. Maximum likelihood esti‑
12In non‑diffusion‑basedMC,molecules disperse quickly in the environ‑
ment, which has dominant low and limited diffusion.
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Table 5 – Summary of transmission and detection in MMC with and without drift

Reference Modulation Detection Symbol‑
by‑symbol
(Sbs)/Sequence
(Seq) detector

Coherent/
Non‑coherent
detection

Complexity

[117] OOK Single sample detection Sbs Non‑coherent Low
[135] OOK Local convexity detection Sbs Non‑coherent Moderate
[118] OOK Adaptive threshold‑based detection

with distance estimation in intervals
with bit‑1 (Valid for large coherence
time)

Sbs Coherent Very high

[136] MCSK Adaptive threshold detection with
distance estimation in every bit‑
interval (Valid for small coherence
time)

Sbs Coherent Very high

[31] Binary and M‑
ary amplitude
modulation

Recurrent neural network detection
schemes

Sbs and Seq Non‑coherent High

[144] OOK Iterative detector Sbs Non‑coherent High
[139] OOK LLR test Sbs Coherent Moderate
[148] OOK (MIMO‑

MC)
i) DFE, ii) MMSE‑DFE, iii) ZF‑DFE, and
iv) Least squares DFE detector

Sbs Coherent i) Very high
ii) High
iii) High
iv) Very high

[138] OOK Adaptive threshold detector Sbs Non‑coherent Moderate
[145] OOK Energy difference based detector Sbs Non‑coherent Low
[133] CSK Binary detector with i) Fixed thresh‑

old, ii) Half threshold, iii) Optimal
threshold obtained using MAP rule

Sbs Non‑coherent i) Low
ii) Low
iii) High

[146] MCSK, Manch‑
ester coded
MCSK

Concentration difference detector
based on i) Difference within a bit‑
interval, ii) Difference in successive
bit‑intervals

Sbs Non‑coherent Low

[137] OOK Single sample detector with initial
distance estimation based on pilot
signal

Sbs Coherent Very high

[119] OOK Convexity detector with detection
threshold as weighted sum of earlier
convexity metrics

Sbs Non‑coherent High

[151] OOK Cooperative detection with OR/AND
fusion rules at FC

Sbs Coherent High

[152] OOK Log LRT Sbs Coherent High
[121] OOK,

Depleted‑
MoSK (D‑
MoSK)

Maximum likelihood detection Sbs Coherent Moderate

mate of various parameters was also obtained. These pa‑
rameters were related to resistance offered to the motion
of nano‑machines, noise effects on themotion and the im‑
pact of gradient of attractants’ concentration.

3.2.2 Relay‑assisted‑based mobile MC systems

In [152], a decode‑and‑forward relaying schemewas pro‑
posed for MMC in the presence of drift. In this work, Log
LRT was used at the receiver and relay to determine the
detection threshold. Also, an optimal number of trans‑
mitted molecules at each of the transmitting nodes was

found to minimize the end‑to‑end error probability. A
relay‑assisted MMC in the presence of drift was studied
in [156]. In this work, optimal LRT‑based detection was
performed at the receiver in each time slot. Further, for
performance analysis through the analytical framework, a
closed‑form expression for channel capacity was also de‑
rived, where a decrease in capacity was reported with an
increase in interference due to other sources of transmis‑
sion and due to an increase in the diffusion coef icient of
the receiver.
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Table 6 – BER performance of different detection schemes

Reference Modulation Detection Lowest BER SNR/Number
of transmitted
molecules

Distance
between
transmitter
and receiver

[33] MoSK i) MAP detection without ISI
ii) Viterbi detection with ISI

i) 5× 10−3

ii)≈ 10−5
4 dB/103 100 µm

[34] MoSK MAP detection with noise whitening
ilter

7× 10−6 10 dB/2.5× 104 600 µm

[40] Rectangular
pulse based
OOK

Adaptive receiver based on steep‑
est descent algorithm for i) Maxi‑
mum likelihood sequence detection
ii) MMSE equalizer iii) DFE with de‑
cision metric iv) DFE with quantizer

i) 0
ii) 3× 10−5

iii) 10−6

iv) 3× 10−6

16 dB/4× 109 0.05 µm

[45] MTSK i) MMSE equalizer
ii) DFF

i)≈ 10−4

ii) 3× 10−4
500 5 µm

[52] Rectangular
pulsed based
OOK

Non linear adaptive threshold detec‑
tion based on local geometry and en‑
ergy difference of received signal

2× 10−4 8 dB 9 nm

[60] Rectangular
pulsed based
OOK

Two layered detection for reduc‑
ing the number of sequences to be
searched

10−5 9 dB/104 3 µm

[29] OOK ANN detection with LM optimizer ≈ 10−4 31 dB 0.5 µm
[105] OOK MF detector 2× 10−4 4× 104 0.5 µm
[30] OOK Parzen‑PNN based detection 5× 10−4 10 dB 2 µm
[111] CSK Fuzzy C‑means clustering ≈ 10−3 11 dB/3× 104 0.5 µm
[135] OOK Local convexity detection 2× 10−4 31 dB 0.065 µm
[31] Binary and M‑

ary amplitude
modulation

Recurrent neural network detection
schemes

5× 10−4 ‑ ‑

[137] OOK Single sample detector with initial
distance estimation based on pilot
signal

4× 10−3 3 × 104 for pilot
signal and 4 × 104

for information

1 µm

3.2.3 Distribution detection‑based mobile MC
systems

In [157], 1‑D MMC with drift was considered, where mul‑ 
tiple cooperative nano‑machines were used between the 
source and the destination. Channel capacity and the 
probability of bit error expressions were derived at the 
destination using the probabilities of detection and false 
alarm. Authors’ analysis demonstrated that the opti‑ 
mal decision threshold at the destination depends on the 
probabilities of detection and false alarm of the last coop‑ 
erative nano‑machine.

A cooperative detection strategy was presented in [151], 
where several cooperative nano‑machines sent their de‑ 
cisions to an FC about the presence or absence of an ab‑ 
normality inside the blood vessel. In this work, each of 
the nano‑machines and the FC were assumed to be mo‑ 
bile under the in luence of both diffusion and drift. For 
performance analysis, the PDF of the irst hitting time of 
molecule at the FC was also described, where the concept 
of effective diffusion coef icient was used as described in 
[117]. OR (if one of the nano‑machines sent a positive re‑ 
port) and AND (if all the nano‑machines sent a positive 
report) rules were used at the FC for making the global 
decision about the presence or absence of abnormality.

Authors demonstrated that for a higher probability of 
false alarm, OR rule performed better than AND rule and 
vice‑versa. This is because in case of high chances of er‑ 
ror, all the nano‑machines may not be able to make the 
correct decision, and hence performance of the AND rule 
degrades. Further, to reduce the error probability, a co‑ 
operative abnormality detection scheme was proposed 
in [158]. In this scheme, a sensor could be activated if 
it detects an abnormality itself or it receives signaling 
molecules from other sensors that detected abnormality. 
Finally, an FC collected responses from all the sensors and 
checked the activation lag of all the sensors to decide the 
presence or absence of abnormality. Optimal threshold at 
the FC was derived by minimizing the error probability.

3.3 Performance and complexity comparison
of different detection techniques for  
mobile MC

Computational complexity of the non‑coherent detector 
proposed in [145] is O(Ns) that is much less than the de‑ 
tection schemes such as coherent MAP method and 
MMSE [40], [98]. 
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The complexity of the local convexity detector 
proposed in [135] is given by O(l) + O(l2), where l is the 
length of a convexity metric. O(l) is due to the calcu‑ 
lations of the convexity metric and the threshold, O(l2) 
is the complexity due to the moving average operation. 
Further, the computational complexity of maximizing the 
likelihood in [137] was O(log(N)). This was based on 
the Newton‑Raphson method. This technique for detec‑ 
tion was less complex than [118] (complexity is O(S3)), 
as the CIR reconstruction and threshold determination in 
every bit interval was not required for detection. Instead 
authors in [137] used statistical characteristics of the CIR 
to estimate the initial distance and set the threshold for all 
bit intervals in advance for detection. Furthermore, the 
complexity in [119] was O(S) that is also less than the 
technique presented in [118].

In [148], ZF‑DFE and MMSE‑DFE have computational
complexity of O(BMnt

2), where B is the block length, M 
is the number of channel taps in an nt × nt MIMO sys‑ 
tem. Whereas a least squares DFE detector has a complex‑ 
ity of O(BM2nt ). Thus, a least squares DFE detector has 
higher complexity but better BER performance than ZF‑ 
DFE and MMSE‑DFE. If channel memory is denoted as M , 
n denotes the length of the sequence to be decoded, L is 
the window length of SBRNN. N is the number of states 
with highest log‑likelihood values among 2M states that 
are kept at each time instance in the beam search Viterbi 
algorithm. Then, as discussed in [31], N = 2M . Com‑ 
putational complexities of the Viterbi detector, RNN and 
SBRNN are given by O(Nn), O(n), and O(L(n − L + 1)), 
respectively. It can be observed that RNN is most ef icient 
in terms of computational complexity. SBRNN and beam 
search VD can have similar complexity. Complexity of tra‑ 
ditional VD grows exponentially with memory length M .

The ANN detector proposed in [29] is less complex than 
the ANN‑based detector in [31] as the number of hidden 
layers’ neurons in the former technique are signi icantly 
less compared to the latter technique. Further, DFF pro‑ 
posed in [45] has a complexity of O(M) whereas MMSE 
equalizer has a complexity of O(M3). Table 5 summarizes 
the modulation and detection techniques in MMC with or 
without drift in the channel. Further, Table 6 shows the 
lowest BER obtained in different detection schemes at a 
particular SNR. The distance between the transmitter and 
the receiver is also mentioned.

3.4 Challenges in detection and possible solu‑
tions

3.4.1 Tracking the dynamic distance and deter‑
mining the adaptive threshold

It can be seen from (7) and (8) that both peak time
and peak amplitude depend on the distance between the
transmitter and the receiver. One can also notice in Fig.
19 that the peak time decreases and peak amplitude in‑
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Fig. 19 – Comparison of the received signal without noise at different
distances between the transmitter and the receiver. Respective peak
times are also shown.

creases as the distance between communicating nano‑
machines decreases. When the distance is 1 µm, the peak
time and peak amplitude are around 0.017 s and 735, re‑
spectively. However, when the distance is 2 µm, the peak
time and amplitude are around 0.675 s and 92, respec‑
tively. Hence, sampling at a ixed time (c.f. (7)) [117] is
not suitable for detection under varying (or dynamic) dis‑
tance over time, which arises due to mobility. For exam‑
ple, sampling at tpeak in case of r = 1 µm gives maximum
signal but amplitude of signal becomes very less at the
same time for r = 2 µm, as shown in Fig. 19. The impact
of distance on the received signal (perturbed by the noise
and ISI) has been shown in Fig. 20. The received signal is
given by

y(r(t), t) =
∞∑
j=0

bjNrx(r(t), t− jTb) + n(r(t), t). (18)

In (18), the distance r(t) is assumed to be time‑varying, 
unlike (11) where distance r(t) = r ∀t is constant. For 
this simulation, the transmitted sequence is considered 
as [1 1 0 1 0] and the distance in each bit‑interval is pro‑ 
gressively increasing. It can be observed that in the 4th 
bit‑interval, the received signal for the transmitted bit‑1 
goes below the threshold, that causes incorrect detection. 
Hence, the threshold at the receiver should not be ixed 
(as considered in static MC). To address this issue, the de‑ 
cision threshold should be adaptive and dependent upon 
the dynamic distance. Moreover, for detection, the esti‑ 
mation of distance at the receiver under static and mobile 
conditions is also an important issue, which has been ad‑ 
dressed in some of the works such as [118], [136], [137],
[159], [160].

Under a mobility condition, as described in [135], the de‑ 
tection based on local convexity of the received signal (in 
case of bit‑1 transmission) can be used since the convexity 
persists even if the peak time and peak amplitude change 
(c.f. Fig. 19). 
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Fig. 20 – Received signal including noise and ISI for the transmitted se‑ 
quence [1 1 0 1 0]. The maximum signal is below the threshold in 4th bit 
duration for bit‑1 leading to incorrect detection.

The detection based on the convexity metric is also 
suitable for the system experiencing only ISI, where 
noise can be iltered by using a moving average ilter as 
described in [135]. Further, to improve the perfor‑ 
mance, the ISI mitigation technique described in [118] can 
be considered under mobile scenarios. In this work, dy‑ 
namic distance is estimated using (6) if the number of re‑ 
ceived molecules Nrx(r, t) is known. This estimated dis‑ 
tance is further used to reconstruct the received signal 
(within a bit‑interval) and subtract it from the total re‑ 
ceived signal for ISI mitigation. Note that the distance es‑ 
timation using (6) in [118] is not correct if bit‑0 is trans‑ 
mitted as Ntx is zero for bit‑0.

Hence, in [118], the adaptive threshold for detection in the 
current bit‑interval was calculated using the distance esti‑ 
mated in the bit‑interval when the last bit‑1 was detected. 
If the coherence time of the channel is small then the 
channel can change considerably between the current bit‑ 
interval and the bit‑interval in which the last bit‑1 was de‑ 
tected. Hence, the detection threshold can be wrong. This 
problem can be solved by transmitting some molecules for 
bit‑0, as well [136]. Considering the non‑zero number of 
molecules for bit‑0, the adaptive threshold in the current 
bit‑interval can be obtained using the distance estimated 
in the previous bit‑interval. Also, for MMC in a drift‑based 
environment, threshold determination has been shown in 
[152].

3.4.2 Multiple parameters estimation

If the number of transmitted molecules Ntx and the diffu‑ 
sion coef icient D change along with the distance r then 
the estimate of these parameters over time is dif icult to 
obtain using (6). In [161], a method for estimating multi‑ 
ple parameters has been shown. If we consider that Ntx, 
D, and r are constant within a bit‑interval then three sam‑ 
ples of the received signal within a bit‑interval will be re‑

quired as there are three unknown variables to be deter‑
mined. By solving three different equations similar to (6)
with three samples of the received signal Nrx1 , Nrx2 , and
Nrx3 , three unknown parameters i.e., Ntx, D, r can be es‑
timated. However, for a mobile transmitter and receiver,
as the distance r changes at each sampling time, we can‑
not estimate ive unknown variables i.e., Ntx, D, r1, r2, r3
using three samples of the received signal Nrx1 , Nrx2 , and
Nrx3 . Hence, non‑coherent detectors [119] and ANN de‑
tectors [31] are more suitable in this case.

3.4.3 Unknown channel model
If channel model is not known then the adaptive
threshold‑based detection techniques used in [118] and
[136]will not yield good performance because (6) can not
be used for distance estimation. Therefore, to deal with
unknown channel model, non‑coherent detection tech‑
niques proposed in [145], [146], [119] can be considered.
In [146], amplitude difference was used as the decision
metric, whereas energy difference was used as the de‑
cision metric in [145]. Also, the technique proposed in
[145] is suitable for the scenario when the system expe‑
riences strong ISI. Further, to improve the detection per‑
formance in noisy and unknown channel scenarios, ANN
detectors [31] can also be considered as one of the possi‑
ble solutions.

3.4.4 Synchronization
For a static MC scenario, few synchronization techniques
such as blind synchronization [161], [162], synchroniza‑
tion using peak observation time and threshold triggering
[163], and reference broadcast synchronization consider‑
ing molecule synthesis time [164] have been proposed.
Note that these synchronization schemes proposed for
static MC cannot be used in MMC scenarios. Moreover,
synchronization is more challenging in mobile MC due
to the time‑varying distance between the communicat‑
ing nano‑machines. It is also worth noting that joint de‑
tection and synchronization have to be done to realize
practical mobile MC systems. Recently, two synchroniza‑
tion schemes based on the least‑square method and peak
time have been proposed for mobile MC in [165]. How‑
ever, these techniques rely on a known channelmodel and
will not work if extended for unknown channel models
e.g., channel model withmultiple fully‑absorbing receiver
nano‑machines. Considering limited computational re‑
sources for nano‑machines, investigation of novel asyn‑
chronous detection techniques for mobile MC is required.
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4. EXPERIMENTALWORKS

4.1 Microscale experiments
A micro luidic chip for detecting a Deoxyribonucleic acid 
(DNA) molecule was proposed in [166]. This chip was 
fabricated using multilayer soft lithography, which con‑ 
sists of two layers of silicone rubber i.e., Polydimethyl‑ 
siloxane (PDMS), a low layer with several micro‑wells, 
and a control layer. Possibilities of nano‑resonators made 
of Graphene sheets and Carbon Nano‑Tubes (CNTs) for 
transportation and detection of molecules at very low 
concentration were explored in [167]. These materials 
detect the shift in wave velocity (inside CNT) and resonant 
frequencies due to the presence of external molecules. 
The motion of water molecules inside the CNT channel 
was demonstrated in this work. Moreover, nano‑pumping 
action to initiate the molecule low was also shown. This 
setup could be helpful for the design of transmitters in MC.

Silicon‑Nano‑Wire (Si‑NW)‑based biomolecule detection 
was presented in [168]. In [168], a faster response of 
Si‑NW than the Ion‑Sensitive Field Effect Transistor (IS‑ 
FET) was shown. Also, the sensitivity of the Si‑NW sen‑ 
sor was revealed to be dependent upon the pH level of the 
surroundings, the geometry of the sensor, and its doping 
level. In [169], detection of femtograms of mercury‑ion 
was proposed using Bovine Serum Albumin (BSA) pro‑ 
tein conjugated ZnO nano‑sphere (BCZ). In this work, a 
logarithmic variation of conductance of BCZ was demon‑ 
strated with the concentration of mercury‑ions. Further, 
the formation of a complex between BCZ and mercury was 
con irmed through luorescence spectroscopy. Note that 
the proposed work in [169] has several biomedical appli‑ 
cations such as detection of diseases related to ingestion 
of mercury and other heavy metals, which are toxic for a 
human body.

A microscale modulator was proposed in [170], which 
converted an optical signal from a Light‑Emitting Diode 
(LED) to a chemical signal consisting of protons. The 
proposed system was similar to one considered in [171], 
where incident light on bacteria released the H+ ions. On 
the other hand, a pH sensor was employed at the receiver. 
For this system, channel estimation schemes based on 
short‑duration pilot signals and long duration previously 
detected data were proposed. Moreover, the optimal 
maximum likelihood detector and suboptimal derivative‑ 
based detector were also derived. Simulation results 
showed that the system can achieve a bit rate of 1 bit per 
minute. A Graphene‑based micro‑resonator for individ‑ 
ual molecule detection of DNA, dopamine, and nicotine 
was proposed in [172]. An ingestible pill with the bidi‑ 
rectional wireless interface was proposed in [173] for in‑ 
body nucleic acid‑sensing. In this work, transmit and re‑ 
ceived powers of the order of micro‑watts was demon‑ 
strated. Also, a receiver mode sensitivity of −59 dBm 
with BER of 10−3 was shown at the speed of 1 megabits 
per second (Mbps).

4.2 Macroscale experiments
An experimental setup was presented in [174] to model 
the diffusive channel. In this setup, a spray of isopropyl 
alcohol was used as a transmitter and a metal oxide sen‑ 
sor was used as a receiver that generates a voltage based 
on the concentration of alcohol received over the air. The 
distance between the transmitter and the receiver was 
considered from 2 to 5 meters and spraying duration was 
also varied from 50 milliseconds to 200 milliseconds un‑ 
der different trials. Moreover, the response of the receiver 
was averaged over these trials and the unknown coef i‑ 
cients in the diffusion equation were found by minimiz‑ 
ing the difference between the experimental observations 
and the theoretically expected response.

A 2×2 MIMO‑MC system was developed in [175] and 
[176], where two alcohol sprays and two chemical sensors 
were used at the transmitter and receiver, respectively. 
In this work, a micro‑controller for transmission and two 
micro‑controllers for decoding the text message was used. 
Simulation results showed a data rate improvement of 1.7 
times with respect to the SISO system. Signal‑to‑inter link 
interference of 14.567 was calculated using the MIMO test 
bed when the transmitter and receiver were separated by 
90 cm and antenna separation was 40 cm. Such commu‑ 
nication systems could be useful for structural high speed 
health monitoring for smart cities and also for the trans‑ 
mission of signals to robots in a subterranean (i.e, under 
the earth surface) region where implementing radio fre‑ 
quency communication is challenging.

An experimental setup was demonstrated in [177] in 
which a peristaltic pump is used as a transmitter and a 
pH sensor is employed at the receiver. The peristaltic 
pump used acid to transmit bit‑0 and base to transmit 
bit‑1 over the channel which contains water in a silicon 
tube. In the case of an acidic signal, the receiver gener‑ 
ated positive voltage and for the base signal, the receiver 
generated negative voltage. For detection, two different 
techniques were proposed in which Support Vector Ma‑ 
chine (SVM) and RNN are used. The SVM‑based detection 
scheme uses a linear relationship between the input and 
the output. Also, a slope‑based detector was used which 
measures the rate of change of pH within a symbol in‑ 
terval. It was shown that RNN13 performs better among 
other detectors for a short symbol duration. On the other 
hand, slope‑based detection performed the worst. Hence, 
training based detectors are suitable for cases where the 
channel model is not known.

In [178], the authors used a test bed that was similar to 
[174]. In this setup, isopropyl alcohol spray and metal 
oxide sensor was used for transmission and reception,
13RNN was trained using the slope values and corresponding bit 

patterns.

ITU Journal on Future and Evolving Technologies, Volume 2 (2021), Issue 3, 12 July 2021



respectively. At the transmitter, to control the function
(turn on/off spray), an Arduino Uno microprocessor was
connected. A computer was used for uploading the con‑
trol codes to the microprocessor. On the other hand, the
receiver consisted of an MQ‑3 semiconductor metal ox‑
ide gas sensor and a microprocessor, which was used
to read the sensor data. Finally, for decoding the trans‑
mitted information, the detection algorithm was imple‑
mented on the computer connected to the microproces‑
sor. A modi ied slope‑based detection was proposed in
[178] in which the number of positive and negative slope
values within a bit duration was counted to decide in fa‑
vor of bit‑1 or bit‑0. It was shown that in the case of bit‑1,
80% of the slope values were positive. In this work, the
number of samples within a bit duration was set as 10
and the detection thresholdwas considered as 8 based on
80% criterion.

An experimental MMC system was proposed in [179] in
which the mobile receiver was able to sense the gradient
of alcoholmolecules formed in the environment. This gra‑
dient was formed by spraying themolecules by the target.
Themobile receiverwas a two‑wheeled vehicle controlled
by an Arduino‑Uno microprocessor. A metal oxide sensor
was mounted on the vehicle to sense the concentration
of alcohol molecules. A bio‑inspired algorithm similar to
bacterial chemotaxis was used by the receiver tomove to‑
wards the target. It was shown that this algorithm was
more ef icient than a randomwalk process in terms of the
time required to reach the target.

In [180], an ethanol electrical sprayerwas used as a trans‑
mitter. To create a low‑based channel, a table fan was
used to provide velocity to the transmitted molecules.
Moreover, at the receiver, the detection was based on
an adaptive threshold mechanism where the decision
threshold was calculated using the irst sample of each
time slot. The proposed detection scheme was claimed to
be better than the one proposed in [178], which obtains
the decision threshold in terms of the number of positive
slope values of the received signal. A test bed based on
proton pumping bacteria was proposed in [171], where
incident light on a plasmid inside bacteria generated pro‑
tons which were later sensed by a pH sensor at the re‑
ceiver.

An experimental setup for validating the theoretical mod‑
els was proposed in [181]. In this work, Hydrochloric
acid (HCl) controlled by a solenoid valve was used as the
transmitter and a pH sensor was deployed as the receiver.
Moreover, a glass pipe containing water was considered
as the channel for communication between the transmit‑
ter and the receiver. At the receiver, adaptive threshold‑
based detection was performed considering the channel
memory of the previous one bit or two bits. Interestingly,
COMSOL simulations of the experimental setup were also
carried out to compare against the experimental data. An
experiment similar to [174] was also carried out in [182].
However, in this work, multilevel modulation was pro‑

posed where different symbols were sent by varying the 
time duration of releasing the molecules. A slope‑based 
detection along with experimentally validated channel 
and noise models were also presented. A test bed us‑ 
ing SPIONs as the information particles was proposed in 
[183]. In this work, SPIONs were sent into a pipe contain‑ 
ing the water, and a susceptometer was used for detecting 
the particles. The change in inductance was investigated 
under the various distribution of particles passing. A MAP 
demodulator based on chemical reactions has been pre‑ 
sented in [184]. It was shown that a gene promoter circuit 
DCS2 found in yeast can be used for MAP‑based demodu‑ 
lation.

A transmitter using acetone and methanol for signaling 
with N2 gas as a carrier and a mass spectrometer with 
a quadrupole mass analyzer as detector were used in 
[185]. Tangential and longitudinal diffusion coef icients 
were taken into account for the analysis of amplitude, 
energy, and SNR of the received signal. An implantable 
glucose sensor was proposed in [186] in which InGaZnO 
(IGZO)‑based Electrolyte‑Gated Field‑Effect Transistors 
(EGFETs) were considered as the sensor material. This 
material has better ield‑effect mobility and a large on‑off 
ratio than previously used materials e.g., Graphene and Si‑ 
NW. The basic principle of sensing in [186] was to sense 
the pH value due to the H+ ions generated by the reac‑ 
tion of glucose (to be sensed) and glucose oxidase (i.e., the 
material immobilized on the sensor). A test bed show‑ 
ing its effectiveness was also implemented. Also, RNN 
and module‑based decoding where each module consists 
of ANN were used for the detection of pH value. Simula‑ 
tion results demonstrated that deep learning‑based algo‑ 
rithms achieve better BER performance in unknown and 
noisy channels.

In [187] a channel coding scheme was proposed to mit‑ 
igate ISI. In the codeword, the following three proper‑ 
ties were used: i) Sending consecutive bit‑1 was not al‑ 
lowed, ii) The codeword always started with bit‑0, and 
iii) At‑least one bit‑1 should be present in each
codeword. Also, an adaptive threshold was used to
decode each codeword, where the threshold scaling
factor was estimated by sending the pilot signal before
information transmission. The proposed technique was
also tested experimentally where alcohol spray and
alcohol sensor was employed as the transmitter and
receiver, respectively. Authors demonstrated that BER ≈
5 × 10−2 can be obtained with this setup. Particle image
velocimetry and planar laser-induced luorescence were
proposed in [188] for tracking the changes in molecular
signals as well as the channel parameters responsible for
a change in the molecular signal.

A cooperative RNN was proposed in [189] in which RNN 
had forward and backward components. A merged layer 
with the time‑varying property was designed to combine 
the outputs of forward and backward RNN components. 
The proposed network was tested experimentally on a
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test bed structure similar to [177]. The BER in train‑
ing and testing data sets was ≈ 0.032 and ≈ 0.074, re‑
spectively. The proposed network achieved BER less than
SBRNN and a simple detector, where pH difference of last
and irst values within a bit‑interval was used as the de‑
cision metric. Table 7 shows a brief description of the
experimental works and concluding remarks on the out‑
comes of the experiments.

5. CHALLENGES IN PRACTICAL DESIGN OF
TRANSMITTER AND RECEIVER, AND
FUTURE RESEARCH DIRECTIONS

5.1 Transmitter design
Most of the existing works consider the transmitter to be
an ideal point source that can release molecules in the di‑
rection of the receiver. This is a very weak assumption,
which has been employed for analytical tractability to an‑
alyze the system performance. However, for realizing a
practical spherical transmitter, the following issues must
be taken into consideration:

5.1.1 Energy

The transmitter requires some energy for its operation
for example encoding the transmitted information, con‑
trolling the number of emitted molecules, etc. There‑
fore, it should have the capability of harvesting energy.
For health applicationswithin IoBNT, this energy harvest‑
ing can be done by using the chemical molecules present
in the environment. For example, glucose is the natural
source of energy in all organisms. Similarly, the transmit‑
ter can also use some chemical to energize itself.

5.1.2 Molecule synthesis

The transmitter is expected to release the signaling
molecules to communicate with the receiver. Hence, the
very irst requirement is the synthesis of molecules in the
required amount. To achieve this, a controlled chemical
reaction is required. On the other hand, the signaling
molecules/drug particles can also be loaded beforehand
so that there is no requirement for molecule synthesis.
Thus, for biomedical applications e.g., drug delivery, the
required number of chemical molecules should be calcu‑
lated before inserting the nano‑machine inside the human
body.

5.1.3 Modulator

As discussed in the previous sections, various types of
modulation schemes have been proposed in the litera‑
ture, e.g., to transmit information, the number of released
molecules is varied, or the release time of themolecules is
varied. Hence, a unit at the transmitter is required to con‑
trol the concentration or release time of the molecules.

5.1.4 Molecule release mechanism
The transmission of molecules requires a pumping action. 
Therefore, nano‑pumps, as described in [167], can be 
used for this purpose. Moreover, by applying mechanical 
loads to the CNTs, molecular lows can also be achieved.

5.1.5 Biocompatibility
Since these nano‑machines are expected to perform their 
task inside the human body, they should be biocompati‑ 
ble and should not produce any immunological response 
or toxic effects while performing their task in an environ‑ 
ment of living cells. For example, a biocompatible poly‑ 
mer like chitosan conjugated with anticancer agents is 
used for gradual drug release in cancerous tissues. Ensur‑ 
ing biocompatibility requires interdisciplinary research.

5.2 Receiver design
The types of receiver considered in the literature are 
mostly passive receiver, absorbing receiver, and reactive 
receiver. Passive receivers are assumed to be a hypothet‑ 
ical sphere transparent to the arriving molecules. This 
implies that the passive receiver can count the number 
of molecules within its closed boundary without affect‑ 
ing their propagation in the environment. In contrast 
to the passive receiver, an absorbing receiver can count 
and absorb the molecules once they hit the surface. On 
the other hand, reactive14 receivers have receptors on 
their surface that can bind to the molecules through a re‑ 
versible reaction. In such a scenario, counting the num‑ 
ber of bound receptors can provide the information of re‑ 
ceived molecules.

Note that passive and absorbing receivers are dif icult to 
develop in practice. Thus, a reactive receiver can be con‑ 
sidered for the practical design of the receiver. It is also 
important to note that the functioning of the reactive re‑ 
ceiver is similar to the cells which can bind respective lig‑ 
ands and provide transduction of extracellular signals to 
intracellular signals. Bio‑FET can also be used as a re‑ 
ceiver to realize MC.

5.2.1 Receptor design
Since the receiver is expected to bind the signaling 
molecules at its receptor, the design of receptors is im‑ 
portant. The selectivity and sensitivity of the receptors to 
the intended molecule can be done by selecting the proper 
material for the receptor. Selectivity means the receptor 
should bind only that molecule, which is used for signal‑ 
ing. Sensitivity means the response time of the receptors. 
The response time should not be very high otherwise it 
will limit the data rate of the MC system. As discussed in 
[18], aptamers and DNAs can be appropriate to be used 
as receptors. Various types of aptamers and correspond‑ 
ing ligand/signaling molecules are available [190], [191],
[192].
14Binding and unbinding of molecules is possible in such receivers.
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Table 7 – System description and important conclusions in experimental works

Reference System description Conclusion

[168] Silicon‑nano wire (Si‑NW) based biomolecule detection Faster response of Si‑NW than the Ion‑Sensitive
Field‑Effect Transistor (ISFET) was shown.

[169] Detection of femtograms of Mercury‑ion using BSA protein
conjugated ZnO nano‑sphere (BCZ)

i) Logarithmic variation of conductance of BCZ with
the concentration of Mercury‑ions.
ii) Useful for biomedical applications such as detec‑
tion of toxic heavy metals in body.

[170] i) Conversion of optical signal from LED to chemical signal
(H+ ions)
ii) Detection of H+ ions using pH sensor

i) Derivative‑based detectionwas used to obtain a bit
rate of 1‑bit/min.
ii) System can work as microscale modulator.

[174] i) Transmitter ‑ Spray of isopropyl alcohol
ii) Channel ‑ Air
iii) Receiver ‑ Metal oxide sensor

i) Study of diffusion over the air
ii) Determines and validates the channel model ex‑
perimentally.

[176] i) 2×2 MIMO‑MC system using two alcohol sprays and two
chemical sensors

i) 1.7 times data rate improvement w.r.t. SISO sys‑
tem.
ii) Useful for applications like structural high speed
health monitoring in smart cities.

[177] i) Transmitter ‑ Peristaltic pump using acid to transmit bit‑
0 and base to transmit bit‑1
ii) Channel ‑ Water in a silicon tube
iii) Receiver‑ RNN‑based detection

Training‑based detectors are suitable if channel
model is not known.

[179] i) Transmitter ‑ Alcohol spray
ii) Channel ‑ Air
iii)Mobile receiver ‑ Metal oxide sensor mounted on a ve‑
hicle

Better target (transmitter) detection by the receiver
using bio‑inspired algorithm than the random walk
process.

[186] i) Implantable glucose sensor is proposed
ii) InGaZnO‑based EGFET is used as the sensor material
iii)DetectionofH+ ions generatedby the reactionof glucose
using RNN

i) Deep learning‑based detection performs better
than conventional threshold based detectors in un‑
known and noisy channels.
ii) EGFETs have better ield‑effect mobility and a
large on‑off ratio than Si‑NW.

[187] i) Transmitter ‑ Alcohol spray
ii) Channel ‑ Air
iii) Receiver‑ Alcohol sensor

i) Channel coding for better ISI mitigation.
ii) Adaptive threshold for decoding of the code‑word.

[189] i) Transmitter ‑ Peristaltic pump using acid to transmit bit‑
0 and base to transmit bit‑1
ii) Channel ‑ Water in a silicon tube
iii) Receiver‑ Cooperative RNN‑based detection

Better BER performance than SBRNN.

5.2.2 Transduction unit

In bio‑FET, the channel between drain and source elec‑ 
trodes is the transduction unit for generating an electri‑ 
cal signal based on the molecular signal at the receptors. 
Single‑Walled CNTs (SWCNTs), Si‑NW [168], 
graphene [167] could be used as the transduction unit. 
The SWCNT for Acetylcholine (Ach) receptor has been 
discussed in [193] to detect Ach. Si‑NW‑based 
transduction unit for re‑ ceptor protein in prostate 
cancer detection has been pre‑ sented in [194]. The 
graphene‑based transducer channel for a glucose oxidase 
receptor in a glucose sensing device has been discussed 
in [195]. The conductivity of trans‑ ducers such as 
SWCNT, Si‑NW and graphene varies with the number of 
molecules bound to the receptors. This in turn changes 
the current low between source and drain of bio‑FET 
[18] thus providing transduction capability to these
materials. SWCNT and Si‑NW are one dimensional

structures but graphene is a two dimensional material
that can provide large spatial coverage leading to an in‑
crease in the number of receptors that can be functional‑
ized on its surface.

5.2.3 Signal processing unit

After the transduction unit, the processing of the gener‑
ated electrical signal is required for the detection of infor‑
mation. Since a nano‑machine is expected to be a simple
device with limited computational capability, simple and
less‑complex detectors such as derivative‑based detec‑
tion [61], asynchronous detection [50] are more suitable.
However, the limitation of these detectors is that they
cannot perform well under high noise and mobile trans‑
mitter/receiver scenarios. Moreover, the non‑coherent
detector can also be used in challenging environments
where the channel model is dif icult to obtain. A non‑
coherent detector basedon local convexity [135] that uses
amoving average operation for noise reduction and ANN‑
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based detection can be robust detectors [31] as they do
not require CSI and are also capable ofworking in the high
noise environment.

5.3 Future research directions

Within IoBNT, multiple transmitters and receivers have
to work together to perform complex tasks, including
sensing and actuation. However, exact analytical chan‑
nel models consideringmultiple fully absorbing receivers
in the medium are not available in the existing literature
due tomathematical intractability of corresponding diffu‑
sion equations. In this context, the work in [196] consid‑
ered two fully absorbing receivers in a 3‑D medium and
derived an approximate irst hitting time distribution to
demonstrate the mutual dependency between receivers.
However, this approximation is only valid when r1 > 3a,
r2 > 3a, and R > 3a, where r1, r2, R, and a denote the
distance between the transmitter and irst receiver, dis‑
tance between the transmitter and second receiver, dis‑
tance between the irst and second receiver, and the ra‑
dius of the receiver, respectively. In this derivation, the
radius of each receiver is assumed to be identical.

The analysis was further extended for an underlay‑based
cognitive paradigm in [197] where both primary and sec‑
ondary link performances were evaluated by employing
a simple molecule control mechanism at the secondary
transmitter. In this work, the radius of each receiver
is assumed to be different and the impact of molecule
degradation over time was also considered while analyz‑
ing the system performance. However, the analyses in
[196] and [197] is restricted only for two fully absorbing
receivers and cannot be easily extended formore than two
receivers. Thus, development of exact analytical channel
models involving multiple fully absorbing receivers in a
3‑D medium is still an open problem.

Further, many MC systems [33], [40], [45], [118], [148],
[136], [144] that are proposed in the literature are co‑
herent. These coherent MC systems require CSI and suf‑
fers from the drawback of complex channel estimation.
Note that the channel in these systems can be very un‑
predictable with very short coherence times. Hence the
MC systems that use pilot signal [137], [148], [187] for
estimating the CSI, are not very suitable. Also, the re‑
ceivers that can detect the information for fast‑varying
channels (i.e., short coherence time) are required to build
practical MC systems. Machine/deep learning‑based MC
systems that do not need CSI and perform well in fast‑
varying channels [31] are suitable in such complex sce‑
narios. Also, machine/deep learning‑based algorithms do
not rely on accurate channel models and can be classi ied
as non‑coherent schemes. Hence, the possibility of imple‑
menting these algorithms should be explored to address
IoBNT applications with static [30], [186], [189] and mo‑
bile MC [106], [31].

In this context, one of the possible research areas is neural
network detection considering the channel model which
is not known or dif icult to obtain. Further, the per‑
formance of different irst order and second order algo‑
rithms [198] used for optimizing the neural network de‑
tectors should be investigated.

On the other hand, most of the detection schemes as‑
sume perfect synchronization between the transmitter
and the receiver. However, for practical MC systems, joint
synchronization and detection or asynchronous detection
has to be performed, as shown in [163] and [50], re‑
spectively. In this context, novel low‑complexity schemes
should be devised to perform asynchronous detection or
detection with synchronization at the fully absorbing re‑
ceiver, especially for a low‑induced mobile MC where
each of the nano‑machines are considered to bemobile in
diffusive channel along with drift. Moreover, the state of
the art detectors [45], [52], [118], [146] considered per‑
fect synchronization while analyzing the system perfor‑
mance. Thus, the performance evaluation of these detec‑
tors considering synchronization error is still lacking in
the current literature.

6. CONCLUSION
For the IoBNT applications such as drug delivery, in‑body
health monitoring, etc, the nanoscale and microscale de‑
vices are expected to perform collaborative tasks using
MC. However, the MC system performance in these ap‑
plications signi icantly depends on the transmission and
detection schemes employed at the transmitter and re‑
ceiver nano‑machines (or bio‑nano‑machines), respec‑
tively. This survey, therefore, presented the transmis‑
sion and detection techniques existing in the current lit‑
erature for static and mobile nano‑machines under pure‑
diffusive and low‑induced diffusive channels. In each
category, different types of MC system such as SISO,
MIMO, relay‑assisted, and FC‑based cooperative detection
scheme have been discussed to support several health
applications within IoBNT. Various coherent and non‑
coherent detection schemes are presented under each
category. The detectors have also been classi ied based
on symbol‑by‑symbol detection and sequence detection.
Also, theperformanceand the complexities of somedetec‑
tion techniques are discussed. Further, several challenges
in detection have been described under various scenarios.
Experimental works related to MC are also presented. At
the end of this survey, some major challenges related to
the practical design of the transmitter and receiver along
with future research directions have been added.
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