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Open-Loop Power Adaptation in Nanosensor
Networks for Chemical Reactors

Eisa Zarepour, Mahbub Hassan, Chun Tung Chou, and Adesoji A. Adesina

Abstract—Due to their extremely small form factor, wireless
nanosensor networks (WNSNs) have the potential to monitor and
control chemical processes right at the molecule level lifting the
process efficiency to a level not possible with conventional meth-
ods. However, sensor networking within a chemical reactor is
challenging due to its time-varying chemical composition, which
creates a time-varying radio channel. The nanosensors therefore
need to continuously adapt their transmission power according to
the chemical composition while maintaining a low overall power
budget. We show that this problem can be modeled as a Markov
decision process (MDP). However, the MDP solution requires the
sensors to know the composition of the reactor at each time
instance, which is difficult to realize due to computation and
communication constraints at the nanoscale. We therefore choose
to use open-loop methods for power adaptation, which allows
nanosensors to dynamically adjust their powers based on a pol-
icy derived entirely from offline analysis of the expected channel
variation over time. Using extensive simulations, we evaluate the
performance of the proposed open-loop power adaptation method
for improving the efficiency of a widely deployed gas-to-liquid con-
version process known as Fischer-Tropsch (FT) synthesis. We find
that the proposed method performs close to optimal achieving a
three fold improvement in FT efficiency with only a 100 femto
watt power consumption on average for the nanosensor commu-
nications. In terms of maximum achievable process efficiency, our
method outperforms the previously proposed open-loop power
adaptation policy by 30% and the nonadaptive power allocation
by 52%.

Index Terms—Controlling chemical reactors, MDP, open
loop power allocation, power optimization/adaptation, wireless
nanoscale sensor networks, wireless sensor networks, WNSNs for
chemical catalysis.

I. INTRODUCTION

N ANOSENSORS are tiny motes (nanomotes) made from
novel nanomaterials capable of sensing new types of

phenomenon at the molecular level. For example, a hydrogen
nanosensor was reported in [33], where the optical properties
of the palladium layer changes when exposed to hydrogen.
Yonzon et al. [39] survey many other types of nanosensors
that can be used for chemical and biological sensing. Similarly,
significant progress has been made in building nanoactuators
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that can be used to accomplish some basic tasks at the molec-
ular level by harnessing the interactions between nanoparticles,
electromagnetic fields and heat [3], [9]. The next step is to con-
nect these nanosensors into a wireless nano sensor network
(WNSN) for wider coverage and control of the environment.
WNSNs open up the possibility to sense and control important
physical processes from the very bottom, right at the molecule
level. There are early indications suggesting that such bottom-
up approach to sensing and control, which has hitherto not been
possible with conventional macro-scale wireless sensor net-
works, has the potential to radically improve the performance
of many applications in medical, biological, and chemical fields
[2], [3], [40], [41].

In our earlier work [40], [41], we have shown how a WNSN
could be deployed inside a reactor for a bottom-up control of
the chemical synthesis with the ultimate goal of improving the
performance of the reactor. Chemical reactors are built to pro-
duce some high-value products, but they also generate some
low-value materials as a by-product of some specific chemi-
cal reactions. The performance of a reactor is measured by its
selectivity, which refers to the percentage of high-value prod-
ucts in the overall output [31]. By monitoring a reactor at the
molecular level and turning off elementary reactions leading to
undesired molecular species, a WNSN can potentially achieve
very high selectivity.

An important finding of our earlier work [42] is that the
packet loss in the WNSN reduces its ability to monitor and
control chemical reactions, which ultimately reduces selec-
tivity. The impact of packet loss on the selectivity depends
on the chemical composition of the reactor. Interestingly, as
nanomotes are expected to operate in the terahertz band [3],
the absorption coefficient and the packet error rate (PER) at
the receiver are also heavily influenced by the molecular com-
position of the reactor. However, unlike a home or an office
environment, the chemical composition of the reactor varies
rapidly due to the chain reactions consuming certain molecules
and producing others. The time-varying composition leads to
changing absorption coefficients, which in turn leads to chang-
ing PER. This means the nanomotes cannot use the same power
throughout the chemical production. If the nanomotes choose
to use a very high power so that they can overcome the worst
possible absorption during the lifetime of the synthesis, this
high power creates a high interference when the channel is
good. Similarly, the nanomotes cannot choose a low power
that is only suitable for good channel condition because the
nanomotes will not be able to communicate when the chan-
nel is bad. For autonomous WNSNs, which are powered by
limited-capacity nanobatteries [34], [35] or limited-throughput
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energy-harvesting circuits [36], [37], a better strategy is to
adjust the power over time to maximize the selectivity with a
minimal amount of power consumption. However, due to com-
putation and communication constraints at the nanoscale, any
power adaptation solution that requires the nanosensors to con-
tinuously measure the channel state would be impractical. The
problem of power adaptation at nanoscale is therefore consid-
ered a very challenging task. The contributions of this paper can
be summarized as follows:

• We show that the optimal power allocation for nanosen-
sors networks trying to improve the selectivity of chem-
ical reactors can be formulated as a Markov Decision
Process (MDP) problem. The optimal power allocation
enables near perfect selectivity with minimal power con-
sumption, but difficult to realize in resource-constraint
nanomotes.

• We propose offline simulation as an open-loop method
to approximate the chemical process and the resulting
composition over time, which enables us to derive the
optimal power allocation as a function of time. The pro-
posed method is practically realizable as the nanomotes
can dynamically switch power based only on the current
time without having to continuously measure the current
composition.

• Using simulations of a typical gas-to-liquid process, we
demonstrate that the proposed offline policy performs
close to optimal achieving a three fold improvement in
process efficiency with only a 100 femto watt power con-
sumption on average. The proposed method outperforms
the previously proposed open-loop power adaptation pol-
icy by 30% and the non-adaptive power allocation by
52%.

The rest of the paper is organized as follows. Related work is
reviewed in Section II followed by a more detailed overview
of WNSNs for chemical reactors in Section III. We present
our MDP formulation and its solution in Section IV. Section V
explains the proposed open-loop power adaptation policy with
numerical results presented in Section VI. The feasibility of
using WNSNs for chemical catalysis and realization of the
proposed power allocation policy along with some future direc-
tions are discussed in Section VII. We conclude the paper in
Section VIII.

II. RELATED WORK

Much work has been done in using power allocation to com-
bat the effect of time-varying wireless communication channel
due, for example, to fading or node mobility. For example, in
[24] the technique of Lyapunov optimization [29] has been
extended to perform a joint optimization on routing and power
allocation to provide bounded average delay in a wireless
network with time-varying channel. Similarly, several attempts
have been made to maximize the application layer performance
via an optimum power allocation scheme in time-varying
wireless sensor networks (WSNs). For instance, the papers
[30] and [48] use power allocation to optimize, respectively,
the mean squared error and probability of detection, in wireless
sensor networks. Although these work, as well as ours, aim
at using power allocation to improve the application layer

performance, our performance objective is the selectivity of a
chemical production process, which is a very different type of
performance metric. In addition, the origin of channel variation
in our work is dynamic molecular absorption in the terahertz
band that is due to variation of the medium’s composition
within a chemical reactor.

A common technique to deal with time-varying channel is to
use feedback mechanisms. There are a lot of past works in this
field. We would like to highlight the work [5] which takes into
account the battery power level of resource constrained device
into account. However, it is not clear whether this scheme, or
any other feedback-based schemes are applicable to WNSNs
due to their extremely constrained energy as well as computa-
tion resources. Therefore, in this paper, we focus on deriving
off-line policies that nanomotes can use without any online
feedback from the channel to allow nanomotes to save their
energies with only simple hardware and software.

There are a few works on power optimization for WNSNs.
Jornet and Akyildiz [15] have considered the optimization of
the power spectral density (PSD) of the transmitted signal over
the terahertz band. In our work, we use the same molecular
noise and path loss model of [15], but instead of optimizing
the PSD, we consider dynamic power allocation with the aim
of improving packet delivery rate which can in turn be used to
achieve a better selectivity. Another distinguishing feature of
our work is that, the communication channel within a chemical
reactor is time-varying due to dynamic molecular absorption
but the channel discussed in [15] and many other related works
such as [16], [17], [18] is fixed (usually normal air). In a recent
work, we have demonstrated the time-varying property of the
wireless nanoscale communication within human lung as an
example for in-vivo WNSN applications [47]. Taking the chan-
nel variation into the account, we then propose two duty cycling
protocols to smartly put the nanomote into sleep mode when
the molecular absorption in the channel is high and only wake
it up and transmit when the absorption is low. Although this
work uses the same concept as the current study to dynamically
adapt the nanomote’s behavior based on the channel’s absorp-
tion but this research is different from few points of view. First,
in [47] the cause of the dynamic molecular absorption in the
channel is the human respiration process and the rate of vari-
ation is much lower (around few hundreds milliseconds) than
the chemical reactors (around pico second). Second, in the cur-
rent study, the nanomotes use a range of power levels while in
[47] only one power level is used during the wake-up periods.
Finally, the aim of current study is to maximize the selectivity
of the chemical reactor using the minimum power budget while
the main goal of the proposed protocols in [47] is to minimize
the electromagnetic radiation within the human body.

Work on WNSN applications to chemical reactor perfor-
mance improvement is rare with the exception of our earlier
works in [40], [41], [42], where we showed how WNSN could
be potentially deployed on the surface of a reactor catalyst to
control and improve selectivity of the reaction process from
the bottom up. In [45], we proposed frequency hopping for
WNSN as a method of mitigating absorption of THz radiation
in a chemically changing environment. The power allocation
issue for WNSNs in the context of chemical reactors were first
discussed in [43]. However, as compared with our preliminary
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Fig. 1. (a) A scanning electron microscopy image (adapted from [26]) showing
that the sites are arranged in a regular 2D grid, (b) an imaginary 3x3 nano sensor
grid where each site hosts a nanomote.

conference presentation [43], this paper has considerable
extensions and new materials summarized as follows. First,
we have proposed and analyzed a new offline power allocation
policy based on the prediction of the average expected channel
composition as a function of time. We have demonstrated that
the new policy significantly outperforms the best offline policy
in the previous work and it is close to optimal. Second, it
provides a more extensive and realistic interference model for
the WNSN. Third, we provide a deeper insight to the interplay
between the allocated power, the interference, and the packet
error rates as a function of reactor time line, motivating the
need for dynamic sensor power allocation in chemical reactors.
Finally, we propose and analyze a new simple address-less pro-
tocol which requires much more simpler hardware/software to
be implemented that is more beneficial for resource constraint
nanomotes.

III. WNSN FOR CHEMICAL REACTORS

Because of their small size and unique nanomaterial prop-
erties, WNSNs can be applied in many chemical applications
to monitor the chemical process at molecule level with the
aim of detecting and preventing some unwanted chemical reac-
tions. In this section, we present an overview of our earlier
work [40], [41], [42] on using WNSN to improve the selectiv-
ity of chemical production. In particular, we want to highlight
the connection between reliable communication among the
nanomotes and the selectivity of chemical production.

Catalysts are often used in chemical reactors to speed up the
reaction process. The surface of a catalyst contains numerous
sites where reactants (molecules) adsorb and react with each
other. Only one molecule can be adsorbed in an empty site at
any given time and it can only react with a molecule adsorbed in
another close-by site. After a reaction between two molecules
in two close-by sites, a different molecule is formed in either
of the two sites, making one of them empty again. This process
continues until all input molecules are used up. Some compos-
ite molecules desorb from the sites, which become the (desired
or unwanted) output of the reactor. Figure 1 shows a magnified
view of a catalyst and a proposed WNSN with nanomotes filling
up each site. Catalysts are routinely prepared in nanoscale [7],
[8], [10], [21], [23], [27], [49]. This means that it may be possi-
ble to create a nanoscale manufacturing process which includes
both catalyst preparation and nanomote fabrication, so that a

Fig. 2. Nano sensing and control on the surface of a catalyst. Nanomote in Site
1 prevents H adsorption, but the nanomote in Site 2 allows it.

nanomote can be embedded at each catalyst site. The manufac-
turing of such new type of catalyst is beyond the scope of this
paper and in this paper, we assume this manufacturing process
can be developed. Each nanomote is assumed to be capable of
sensing the molecule type adsorbed (or attempting to adsorb) in
the site, communicate with other nanomotes in the vicinity, and
perform actuation to prevent adsorption of specific molecule
types attempting to adsorb in the site. The mechanism required
to prevent adsorption is highly dependent on the type of
molecules. For example, if the molecule that we want to prevent
from adsorbing has a net positive charge, then we can use a tem-
porary positive charge to repel the molecule away from the cat-
alyst site. This actuation mechanism is applicable to the specific
chemical production process that we will discuss in the paper.

In order to give a more concrete discussion on how WNSN
can be used to improve chemical production, we have chosen
to use Fischer-Tropsch (FT) synthesis [1] which is a major pro-
cess for converting natural gas to liquid hydrocarbons. In FT
synthesis, a hydrogen atom H can react with molecules hav-
ing the chemical formula CnH2n+1 to form paraffins, which
is an unwanted product of this synthesis. This class of reac-
tions is known as hydrogen-to-paraffin (HTP) reactions. The
aim of the proposed WNSN is to suppress the number of HTP
(unwanted) reactions by ensuring that there are no hydrogen
atoms near the vicinity of a CnH2n+1 so that HTP reactions
cannot occur. An example in Figure 2 shows that adsorption of
H in Site 1 could lead to paraffin because of the presence of an
C4H9 in the neighborhood, but its adsorption in Site 2 cannot
produce paraffin. Therefore, if the nanomote at Site 1 knows
that its neighboring site has a C4H9, it can attempt to prevent
the hydrogen H atom from adsorbing into its site, preventing an
HTP reaction and improving the selectivity thereby1. This can
be realized by the nanomote at Site 1 broadcasting a query mes-
sage to its neighboring nanomotes to asking them whether there
is a CnH2n+1 is at their sites. A neighboring nanomote should
reply if it has a CnH2n+1. In order for all this to work, one
important requirement is that nanomotes must be able to com-
municate with each other reliably. Our previous work shows
that selectivity is sensitive to the packet loss in the network [42].
In the next section, we overview the relationship between com-
munication reliability and the rate of undesired reaction in the
system.

1What we need to prevent from adsorbing is a hydrogen ion (H+). This can
be realized by using a temporally positive charge at the catalyst site.
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A. Communication Protocol

We explain earlier that our WNSN uses message exchanges
between nodes to prevent undesirable reactions from taking
place. In this section, we describe the required communica-
tion protocol. A nanomote broadcasts a query message to its
neighboring nanomotes, which should reply if they have a
molecule that can lead to an undesirable reaction. We will call
the nanomote, that broadcasts the query message, the initiating
node. We assume that the initiating nanomote has N neighbors.
In this paper, we assume the catalyst has a regular grid structure
and a nanomote can communicate with its four neighbors next
to it, hence N = 4. Some of these neighbors have a molecule
that can lead to an undesirable reaction and we will call them
replying nodes because they should reply to the query message
from the initiating node if they receive it. Note that the num-
ber of replying nodes is not a fixed number but depends on
the chemical composition at the neighboring nodes. The mes-
sage exchange is successful if the initiating node can receive at
least a response from one of the replying nodes. Note that some
neighbors of an initiating node may not have an “undesirable
molecule at their sites; these neighbors are not replying nodes
and do not need to send a reply message. Given the nanomotes
have limited processing capability, we strive to create a simple
protocol to realize the message exchange requirements dis-
cussed in the last paragraph. The protocol requires two types
of messages: A query message from the initiating nodes and
a reply message from the replying nodes. We therefore need a
bit to represent these two types of messages. For node address-
ing, we have three options: globally unique addresses, locally
unique addresses and addressless (i.e. no addresses). Since the
aim of the protocol is for an initiating node to check with
the nodes in its vicinity whether they have a molecule that
can possibly lead to an undesirable reaction. This communi-
cation is local, so globally unique addresses with long address
length can be a burden. A possibility is to use locally unique
address, which is a well studied topic in traditional WSNs [14].
However, the assignment of locally unique address requires a
set up phase, which adds complexity to the protocol. In this
paper, we propose to use addressless messages. The messages
have a length of only one bit. Specifically, the query message
will consist of a single bit ‘0’ and the reply message will consist
of a single bit ‘1’.

We will now discuss a number of issues of the proposed
single-bit protocol. The issues are: (1) A node receiving a query
message does not know the identity of the sender; (2) The ini-
tiating node does not know the identity of the node sending the
reply message; (3) Multiple reply nodes may send at the same
time creating collision; (4) Message collision in general. The
problem with Issue (1) is that a node that is not in the neigh-
borhood of an initiating node may receive the message. This
node is therefore an unintended recipient. Our intention is to
use power control to limit the transmission range to minimize
this from occurring. For Issue (2), we wish to point out that
the initiating node does not need to know the identity of the
reply nodes because the aim of the initiating node is to find
out whether there is an “undesirable molecule in its neighbor-
ing sites. As long as there is an “undesirable molecule nearby,

the initiating node should prevent adsorption from occurring.
Given an addressless protocol, it is possible that an initiating
node may receive a reply from a node that is far away, or a
false positive. This false positive can lead to an initiating node
to repel a molecule that is trying to adsorb. This can prevent a
desirable reaction from occurring and stop an undesirable reac-
tion from taking place. This can lengthen the time to produce
the desirable products but it still achieves the goal of preventing
undesirable reactions from occurring. Note that power control,
which we discussed under Issue (1), can also be used to reduce
the chance of false positive from occurring.

Moreover, issue (3) arises because multiple neighbors of an
initiating node may have an “undesirable molecule at their sites.
These multiple neighbors, or replying nodes, may reply at the
same time thus causing collision. Classical methods to prevent
collision include random back-off or overhearing. However, in
our case, we can use physical layer modulation to make col-
lision harmless. Specifically, at the physical layer, we assume
that Pulse Amplitude Modulation (PAM) is used. We will map
bit ‘0’, which is the query message, to a pulse of lower ampli-
tude and bit ‘1’, which is the reply message, to a pulse of higher
amplitude. If a number of reply messages reach an initiating
node at the same time, the effect of the collision is to sum
a number of high amplitude PAM pulses. This has the effect
of making a pulse of even higher amplitude and improves the
probability of correct detection. To address issue (4), we cal-
culated the utilization of channel and found that it is generally
low2.

The above communication protocol assumes that the
nanomotes use only one bit to represent a message. An alter-
native is to encode each message using multiple bits. This
will improve the reliability of message delivery at the expense
of higher power consumption. Another side effect of using
multiple bits is that it increases the round-trip delay for the
communication between a querying node and a replying node,
which may subsequently affect the control performance.

B. Effect of Communication Reliability

In this section, we model the reliability of the message
exchange protocol and its effect on the application perfor-
mance. Let f be the probability a neighboring node is a reply-
ing node. The probability that there are i replying nodes in the
neighborhood is P(N , i) = (N

i

)
f i (1 − f )N−i and the proba-

bility that there is at least one replying node is
∑N

i=1 P(N , i).
A message exchange between the initiating node and replying
nodes is successful if the initiating node receives a reply from
at least one of the replying nodes. Let p denote the packet error
rate (PER), which is assumed to be the same in both directions

2For example, for FT synthesis with initially 105 CO molecules, 2.5 × 105

atoms and 104 sites, the probability that a node will initiate a query is pquery =
0.42 and the probability that a neighboring node will reply is preply = 0.37.

The average reaction rate (counting all reactions) at a site is r = 108 reac-
tions/s, therefore query messages are generated at a rate of pqueryr messages/s
and reply messages are generated at a rate of nneighbor preply pquery messages/s
where nneighbor = 8 is the number of neighboring nodes. Each message has a

length of 1 bit and the bit duration is tbit = 10−13 seconds [18]. The utilization
of the channel is (1 + nneighbor × preply) × pquery × r × tbit = 10−5.
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of message exchange. This means that the message exchange
between an initiating node and a replying node fails with a prob-
ability q = 1 − (1 − p)2. If an initiating node has i replying
nodes in its neighborhood, then the probability of a successful
message exchange between an initiating node and at least one
of i replying nodes is (1 − qi ). Finally, the probability s of
successful message exchange given that there is at least one
replying node is:

s =
∑N

i=1 P(N , i)(1 − qi )∑N
i=1 P(N , i)

(1)

The application layer performance of our WNSN depends on
how much the undesirable reactions can be suppressed. Let k
denote the reaction rate of an undesirable reaction in the chemi-
cal reactor. It can be shown that the rate of undesirable reactions
is reduced to k(1 − s) where s is the conditional probability of
successful packet exchange in Equation (1). In particular, if the
probability of successful message exchange s is high, then the
undesirable reaction rates are much reduced. This derivation
shows the connection between message exchange reliability
and application layer performance of the WNSN.

The expression for successful message exchange probabil-
ity s depends on three parameters N , f and p. The number
of neighbors N is the number of neighboring nodes that an
initiating node needs to broadcast query message to. This is
defined by the application requirement and we assume N = 4
in this paper. The probability f that a node is a replying node
depends on what type of molecules a node has. This probabil-
ity is not fixed but varies with time. Recalling that a replying
node must contain a particular precursor of undesirable chemi-
cal reactions, we will use the ratio these precursors at any given
time as the probability f at that time. The packet loss probabil-
ity p depends on the radio channel, which in turns depends on
the transmission medium. As nanotransceivers operate in the
terahertz band, the packet lost probability is strongly affected
by molecular absorption noise and attenuation in the terahertz
channel [15]. On the other hand, due to extremely dense struc-
ture of the proposed WNSN in the surface of the catalyst
(trillions of sites), the interference due to concurrent radiation
of other nodes may affect the quality of the communication.
In the next section, we will review the WNSN’s channel over
terahertz band and also model the interference in the system.

C. WNSNs Radio Channel

As nanoantennas are operating in the terahertz band rang-
ing from 0.1-10 THz [19], the wireless medium between the
nanoantennas is mainly affected by the produced molecules
during the chemical reactor, both adsorbed/formed molecules
in the sites and desorbed species. This section therefore reviews
the modeling of terahertz radio channel based on radiative
transfer theory presented in [15]. We assume the radio channel
is a medium consisting of N chemical species S1, S2, . . . , SN .
The effect of each chemical species Si on the radio signal is
characterized by its molecular absorption coefficient Ki ( f ) of
species Si at frequency f . The molecular absorption coeffi-
cients of many chemical species are available from the HITRAN

Fig. 3. Medium status during FT synthesis.

database [4]. We consider a radio channel in a chemical reac-
tor which has time-varying chemical composition. Let mi (t)
be the mole fraction of chemical species Si in the medium at
time t . The medium absorption coefficient K (t, f ) at time t
and frequency f is a weighted sum of the molecular absorption
coefficients in the medium:

K (t, f ) =
N∑

i=1

mi (t)Ki ( f ) (2)

We obtain the chemical composition mi (t) of the FT
chemical reactor by using the stochastic simulation algorithm
(SSA) [12], which is a standard algorithm to simulate the
chemical reactions. We assume an initial composition of 100
Carbon Monoxide molecules (CO) and 250 Hydrogen atoms
(H) and use 100 runs of SSA simulations. Figure 3a shows
the average absorption coefficient of the radio channel, over
terahertz band ranging from 0.1 to 10 THz, within a FT reac-
tor. It shows that the absorption coefficient of the medium
increases exponentially which is due to the presence of some
extremely high absorbent intermediate species, such as OH, in
the medium. K (t, f ) determines the attenuation and the molec-
ular absorption noise in the radio channel. The total attenuation
A(t, f, d) due to spreading and molecular absorption at time t ,
frequency f and a distance d from the radio source would be
[15]:

A(t, f, d) =
(

4π f d

c

)2

eK (t, f )d (3)

A discussion on time-scale is warranted here because the
medium absorption coefficients K (t, f ) has a transient time
and K (t, f ) also depends on the chemical composition, which
varies over time. In [22], the medium absorption coefficients
K (t, f ) is shown to have a transient time of around 0.05 ps. In
[46], the mean time between two chemical reactions is shown to
be in the order of picoseconds. This means that we can ignore
the transient time of K (t, f ) and assume that K (t, f ) follows
the changes in composition of the propagation medium.

Let U (t, f ) be the power spectral density of the transmitted
radio signal at time t and frequency f . The received signal at
time t , frequency f and distance d is:

Pr (t, f, d) = U (t, f )

A(t, f, d)
(4)
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The average received energy for a given reaction of ri at time t
then would be:

Er (t, d) =
∫

B
Pr (t, f, d)Tpd f (5)

where Tp is the duration of the transmitted pulse in second (here
TP = 10−13).

The molecular absorption noise Nabs(t, f, d) which is due to
the re-radiation of absorbed radiation by the molecules in the
channel is given by [15]:

Nabs(t, f, d) = kB T0(1 − exp(−K (t, f ) ∗ d)) (6)

where T0 is the reference temperature 296K and kB is the
Boltzmann constant. Figure 3b shows the attenuation and PSD
of the molecular absorption noise during an FT synthesis.

Finally, for simplicity, we have not taken into considera-
tion the effects of reflection and diffraction in the radio model,
because precise study of these effects will require the geom-
etry of the catalyst and that of the chemical reactor. Given
that the focus of this paper is on developing methodologies
for open-loop power adaptation, we remark that the proposed
methodologies are independent of the radio model. In other
words, the methodologies are also applicable when a radio
model that takes into account reflection and diffraction is used.

D. Receiver Model

We assume the distance between two direct neighboring
nodes is d0. As we have discussed in section III.A, we use
PAM to modulate the exchanged messages, so the receiver con-
sists of a simple energy detector (ED) with two thresholds to
detect the noise, query and reply. At any time slot t , we assume
each nanomote uses PT,0(t) and PT,1(t), respectively to trans-
mit a query and reply, where PT,0(t) < αPT,1(t) and α < 1
is a design parameter and we have chosen α = 0.5. Note that
this choice of α decreases the probability of a receiver mistak-
ing a query message as a reply message. We assume that all
nanomotes use the power levels PT,0(t) and PT,1(t) at time
t ; the determination of these power levels are discussed in
Section V.

The ED requires the design of a filter, matched to the received
pulse shapes. We assume the bandwidth of the filter is equal
to B = 1013. If a nanomote transmits a pulse with the total
transmitted power of PT,i then the received energy level at the
receiver has a Gaussian distribution of gi (t) with mean μi (t)
and variance σ 2

i (t) given by [6]:

μi (t) = N (t) × Tint × B + Er,i (7)

σ 2
i (t) = N 2(t) × Tint × B + 2N (t) × Er,i (8)

where N is the noise PSD at distance d0 that can be calculated
from equation 6, Er,i is the average received energy for pulse i
at distance d0 that can be calculated from equation 5 and Tint

is the integration time which is a design parameter, typically
Tint >= Tp.

The first threshold that is used to detect queries from the
replies at time t , ξ0,1(t), is given by the intersection of the

Gaussian density functions with parameters (μ0(t), σ 2
0 (t)) and

(μ1(t), σ 2
1 (t)). In order to distinguish noise from a query, we

define a second threshold of ξn,0(t) which ξn,0(t) = βξ0,1(t),
where β < 1 is a design parameter.

E. Interference Model

Now, we turn to investigate the interference in the channel
which is due to concurrent transmission from other nodes. The
interference at time t and frequency f , can be calculated as:

I (t, f ) =
M∑

x=1

T rx (t)PR(t, f, dx ) (9)

where M is number of interfering nodes which depends on the
topology structure of the WNSN3, PR(t, f, dx ) is the received
power from the interfering node x at frequency f and time t
that can be calculated via Equation (4). The interfering node
x is in a distance equal to dx and transmits with a probability
T rx . In [43], we assumed a fixed transmission probability for
all nodes during the synthesis. However, transmission proba-
bility T r(t) at a given time t depends on the probability of an
initiating node broadcasting a query, pq(t), and the probability
of replying nodes sending a responses, pr (t), which are both
time dependent. Here, we propose a more realistic model for
transmission probability.

Without loss of generality, we assume that the undesirable
reactions, that the WNSN aims to prevent, involve an H atom
and an E molecule. When an H atom tries to adsorb at an
empty site, the nanomote at the site becomes an initiating node
and broadcast a query message to its neighboring nanomotes.
If any one of the neighboring nanomotes has an E molecule,
they become the replying nodes and send the initiating node
a response. In order to compute the message exchange prob-
ability, we need to determine pH↓(t) and pε(t), which are,
respectively, the probabilities that an H atom tries to adsorb at
an empty site and there is an E molecule in the neighborhood.
The probability pH↓(t) can be obtained from the number of un-
adsorbed H atoms in the reactor at time t using simulation. The
probability pε(t) is:

pε(t) =
M∑

i=1

(
M

i

)
f (t)i (1 − f (t))M−i (10)

where f (t) is the probability that any of the M neighbors has
an E molecule at time t. The probability f (t) can be deter-
mined from the ratio of E molecules in the chemical reactor
at time t using simulation. Note that f (t) in this section has the
same meaning as the f (t) in Section III-B. We can compute the
transmission probability Tr (t) of an interfering node as:

Tr (t) = pq(t) + pr (t) (11)

= pH↓(t) + p(ε and H↓)(t) (12)

= pH↓(t) + pε(t) × pH↓(t) (13)

3In order to determine M , we make the following assumptions: (1) The sites
form a regular grid on the catalyst surface; (2) A nanomote intends to commu-
nicate with the 4 neighbors next to it and the communication range (= one hop)
is the distance between 2 nodes on the grid; (3) The interferers are all the nodes
2 hops away. Based on these assumptions, the number of interferer is M = 16.
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Fig. 4. Transmission probability and interference during FT synthesis (M=16).

Figure 4b shows pH↓(t) and pε(t) during the FT synthesis.
For the initialization of the simulation, we assume the num-
ber of unoccupied sites at the beginning of the reactor is equal
to the initial number of hydrogen atoms. As it can be seen,
pH↓(t) dramatically drops due to consumption of the hydrogen
and also decreasing number of unoccupied sites due to form-
ing other species. On the other hand, pε(t) increases because of
the formation CnH2n+1 (which we simply call E earlier). Using
Equations (9) and (13), we can calculate the resulting interfer-
ence during the FT synthesis and the results are depicted in
Figure 4b. It shows the interference is decreasing over time due
to increasing molecular attenuation over time (see Figure 3b).

F. Reliability Analysis

The signal to interference-noise ratio (SNIR) at time t ,
frequency f and distance d is:

SNIR(t, f, d) = PR(t, f, d)

(Nabs(t, f, d) + I (t, f ))
(14)

Assuming nanomotes are using binary PAM for message
exchange, we calculate the Bit Error Rate (BER) from SNIR.
Note that as the packet length is equal to one, BER and PER
have the same meaning. Figure 5a shows the BER during
one course of FT synthesis for a transmission power equal to
3 × 10−14W . It shows that BER starts at around 0.165 and then
fluctuated during the synthesis due to variation in the molecular
noise and interference over time. It also highlights the need for
dynamic power allocation to provide reliable communication
in the channel. Figure 5b presents the average BER during the

Fig. 5. Packet error rate within FT reactor.

FT synthesis for 30 transmission powers ranging from 10−17

W to 10−11 W which each point represents the average BER
over 10 runs simulation for the previous setting. It shows that
by increasing the transmission power from 0.01fW to 0.5pW
the BER drops from 0.7 to around less than 0.05 but further
increasing does not decline the BER due to high interference. In
the next section, we develop an analytical model to dynamically
adjust the transmission power with the ultimate goal of increas-
ing selectivity with the minimum power allocation.

IV. MDP FOR DYNAMIC POWER ALLOCATION

In Section III, we describe how a WNSN can be used to
improve the selectivity of a chemical production by suppress-
ing those undesirable chemical reactions that lead to low value
products. We also explain that the efficacy of suppressing the
undesirable reactions depends on the PER between neighbor-
ing nodes in the WNSN. The PER depends on the transmission
power, path loss, molecular absorption noise and interference.
The latter three factors depend on the chemical composition of
the transmission medium [15], which is constantly changing in
a chemical reactor because of production and consumption of
chemical molecules. Therefore, if the nanomotes use a constant
transmission power, the PER will change over time and this can
affect the selectivity. An alternative strategy is for the motes to
adjust their transmission power to keep the PER low. However,
given the limited energy budget of an autonomous WNSN, the
transmission power has to be appropriately adjusted to give
maximum improvement in selectivity. In this section, we show
that this dynamic power allocation problem can be formulated
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as an MDP. In section IV-A, we use a simple example to illus-
trate how an uncontrolled chemical reaction can be modeled
by an embedded Markov chain (EMC). The aim of this section
is to draw a connection between state transition probability and
reaction rates. Given that the goal of our WNSN is to control the
reaction rates, which is related to the state transition probability,
therefore the power allocation problem can be formulated as an
MDP. In section IV-B, this MDP will be defined.

A. Markov Chain for Uncontrolled Chemical Reactions

The paper [13] proves that the dynamics of a set of chemical
reactions can be modeled by a continuous-time Markov chain
(CTMC). We use a simple example to illustrate the idea. In
particular, we want to show how the states and transition proba-
bilities are defined. This will help us to define the MDP problem
in the next section. We consider a chemical reactor with 3 input
chemical species A, B and C . Two possible chemical reactions
can take place in this reactor. In the first reaction, a molecule of
A reacts with a molecule of B to form a molecule of D; this is
commonly expressed using the chemical formula of A + B →
D. The second reaction is A + C → E. We use nX to denote
the number of molecules of chemical species X . The state of
the chemical reactor is the 5-tuple (n A, nB , nC , nD, nE ). That
is, the state consists of the number of each type of molecules
in the chemical reactor. For simplicity, we assume the initial
state of the reactor is S0 = (1, 1, 1, 0, 0) which means there
is a molecule of A, B and C and no molecules of D and E .
If the reaction A + B → D occurs, then the state will transit
from S0 to S1 = (0, 0, 1, 1, 0) with one molecule of C and D.
Similarly, if A + C → E occurs, then the state will become
S2 = (0, 1, 0, 0, 1). Given the initial state S0, it can be seen
that S0, S1 and S2 are all the allowable states. These are the
states of the CTMC, see figure 6(a). The transition rate of the
CTMC is governed by the rate of chemical reactions. For reac-
tion A + B → D, the reaction rate is r1 = k1n AnB where k1
is the kinetic constant of this reaction and a larger k1 means a
higher likelihood for the reaction to occur (= high state transi-
tion rate). Note also that the reaction rate depends on the state.
The transition rate from S0 to S1 is r1. Similarly, the transi-
tion rate from S0 to S2 is r2 = k2n AnC . The CTMC is now
completely defined and is illustrated in figure 6(a). In order to
leverage the theory of MDP to solve the power allocation prob-
lem, we convert the CTMC to an Embedded Markov Chain
(EMC) [32]. Figure 6(b) illustrates the EMC of the CTMC
in figure 6(a). The states of the EMC are the same as those
of CTMC. However, the transition rates have been replaced by
transition probability. In particular, for our example, the transi-
tion probabilities from S0 to, respectively, S1 and S2, are, r1

r1+r2

and r2
r1+r2

. In general, if the transition rate from state Si to S j

in a CTMC is qi j , then the transition probability from state Si

to S j in the corresponding EMC is
qi j∑
j qi j

if i �= j and is zero

otherwise.

B. MDP Formulation

We now present an MDP formulation for the dynamic power
allocation problem for the FT reactions.

Fig. 6. CTMC and EMC of a simple set of chemical reactions.

1) States: The state of the FT process consists of the num-
ber of each type of molecules in the FT process. For illustration,
Figure 9b shows the EMC for the uncontrolled FT process
where the initial state S0 consists of 2 carbon (C) and 4 hydro-
gen (H) atoms. The process consists of altogether 9 different
states with different chemical compositions in each state. The
transition probability of the EMC has been calculated from the
corresponding CTMC using the method described earlier.

The states S6 and S8 of the EMC are the absorbing states.
When the FT process reaches any one of its absorbing states,
we assume the chemical production is complete. The chemical
composition of the absorbing state is important. If an absorbing
state consists of a larger quantity of high value product, then the
selectivity of that state is high.

2) Actions: We assume that at each state, m different trans-
mission power levels P1, P2, . . . , Pm are available for the
nanomotes to use. The actions of the MDP are these different
power levels. This can be viewed as a cross-layer optimiza-
tion where physical layer parameter (in our case, power) is
used to maximize selectivity, which is an application layer
performance.

We will use the EMC in figure 7 to explain the effect of the
actions. Our discussion focuses on state S4. This state can tran-
sit to states S2, S6 and S7. The probability of transiting to each
of these states in the (uncontrolled) EMC is the same (=0.33).
This also means that the transition rates from S4 to any one of
these states in the corresponding CTMC is the same and we will
denote it by r . Out of these three transitions, the move from S4
to S6 produces a molecule of CH4, which is a low value paraffin.
The aim of the WNSN is to suppress this reaction as much as
possible. Let us assume that the probability of successfully sup-
pressing this reaction by the WNSN is p, then WNSN reduces
the transition rate from S4 to S6 from r to (1 − p)r . The reac-
tion rates from S4 to states S2 and S7 will not be altered by the
WNSN because no undesirable products are produced. With the
revised reaction rate due to the actions of WNSN, the transi-
tion probability from S4 to S6 reduces from 0.33 to 1−p

3−p in the
(controlled) EMC. This shows how the probability of successful
suppression affects the state transition probability.

The probability of successful suppression p depends on
many factors, including those related to efficiency of sensors
and actuators. In this paper, we assume that p is the same as the
probability that sensors from neighboring sites are able to suc-
cessfully communicate with each other. Hence p is a function
of the transmission power, which are the actions of the MDP. At
the same time p depends on molecular absorption, which is a
function of the chemical composition. Recalling that each state
of the MDP is defined by the chemical composition, therefore p
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Fig. 7. EMC for the FT process with an initial state of 2 carbon and 4 hydrogen
atoms. S6 and S8 are absorbing states. The blue number in the parentheses
are probability of transition from one state to another state. WNSN aims to
reduce the rate of HTP reactions, e.g., in this example the WNSN tries to reduce
probability of going from state 4 to state 6.

is state dependent. Finally, p is also affected by interference due
to other nanomotes’ transmissions. This interference depends
on nanomotes’ transmission power and also the composition.
To sum up, a chosen transmission power at a given state will
give rise to a certain PER, which can in turn affect selectivity.

For the MDP for dynamic power allocation, the actions are
the m different power levels. For each power level, we can com-
pute the resulting state transition probability in the EMC similar
to that described earlier. Note that the calculation takes into
account the transmission power and channel condition, which
is state dependent.

3) Revenue Function: The revenue is a function of two
quantities, the power level (Pi ) chosen and ri , the total rate of
HTP reactions resulting by selecting Pi , where ri => 0 and Pi

is within the range 10−18 to 10−12. Increasing ri and Pi should
have a negative effect on revenue (or selectivity), and vice versa.
This can be captured via different types of functions. Because
Pi has a wide range, we define the function as:

Revenuei = (1 − ri )︸ ︷︷ ︸
Reward

+ k

log(Pi )︸ ︷︷ ︸
Penalty

where k is a design parameter to control the penalty. Here
we use k = 0.1. Note: because Pi < 1 then log(Pi ) is always
negative.

C. Large Scale MDP

The number of states in the FT process increases exponen-
tially with the number of initial atoms. For example, for the ini-
tial gas feed comprising only 10 carbon and 20 hydrogen atoms,
we obtain in excess of 35,000 states. For a feed gas with large
number of carbon and hydrogen atoms, we face a state explo-
sion problem, which makes it difficult to solve the MDP prob-
lem and obtain the optimum policy within a reasonable time.

There are several attempts in the literature to alleviate
the MDP state explosion by techniques such as state space
reduction and other approximation methods. Kearns et al. [20]
proposed a sparse sampling algorithm which yields a near-
optimal outcome for a large or infinite MDP. In order to
implement this algorithm in our context, we start with an ini-
tial state with a given number of carbon and hydrogen atoms
and then as long as an absorbing state has not been reached, the
following steps are executed for each state Si reached:

1) Calculate the revenue for all possible actions (power
levels)

2) Select the action with maximum revenue and call it Popti .
3) Use the state transition probabilities for action Popti to

randomly follow one of these state transitions and move
to the next state based on the selected transition. Go back
to 1 if the new state is not absorbing.

Note, that the algorithm does not attempt to solve the MDP
problem, i.e., it does not attempt to find an (optimum) action for
every possible state. Instead, it produces a trace of states and
associated power levels from the initial state to the absorbing
state, which is then used to derive selectivity and average power
level.

V. LOCAL POWER ALLOCATION POLICIES

MDP provides the optimal power allocation policy, but
requires the nanomotes to know the global state, or the exact
chemical composition, of the chemical reactor. This is not a
practical policy because it requires each nanomotes to broad-
cast its local state in the WNSN, which would consume a lot
of energy. In this section, we investigate the possibility of each
nanomote executing the same local pre-planned (or open loop)
policy where the transmission power is adjusted over time. A
pre-planned policy of X can be expressed as a univariate func-
tion t �→ PX (t) where PX (t) specifies the power level that the
nanomotes should use at time t . In this section, we describe two
local polices. Section V-A describe a local policy derived from
HTP reaction rate and receiver noise; this policy is the best per-
forming local policy proposed in [43]. Section V-B presents a
new local policy based on average composition. We will com-
pare the performance of these two policies against the optimal
MDP policy in Section VI.

A. A Local Policy Based on Reaction Rate and Noise

Since the goal of the WNSN is to reduce the number of
HTP reactions (the undesirable reactions) in the FT reactor,
a possible policy is for the nanomotes to reserve the trans-
mission power when the HTP reactions are more likely to
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occur so as to increase the chance of suppressing them. At
the same time, a nanomote needs to exchange messages with
its neighbors to know whether an HTP reaction may occur.
Given that communication is a requisite, a possible policy is
to allocate power according to the amount of noise in the trans-
mission medium. In [43], we study the performance of three
local policies. One local policy allocates more power to the
nanomotes when the rate of HTP reaction is high. The sec-
ond local policy allocates more power to the nanomotes when
the noise in the transmission medium is high. Neither of these
policies performed very well because they consider only one
aspect of the problem. The best policy in [43] allocates power
using both the HTP reaction rate and noise in transmission
medium. This local policy is to use high transmission power
when either reaction rate or noise is high. We will refer to this
policy to as reaction-rate and noise local policy (RR+NLP). The
details of deriving this policy from the HTP reactions rate and
transmission medium noise can be found in [43].

B. A New Local Policy Based on Average Composition

In this section, we propose a local policy based on aver-
age composition of the reactor over time. The policy is based
on solving an MDP based on the average composition of the
reactor over time and we refer to this offline policy as ACLP
(Average Composition Local Policy). For the time being, we
will assume that the average composition is available and will
describe later on how it can be computed.

We assume the chemical reactor has Q chemical species
S1, S2, . . . , SQ . The quantities of these chemical change over
time as they are consumed or produced. The chemical com-
position of the reactor at time t is defined as the number of
molecules of each chemical species at the time. We will use
a vector �s to store the chemical composition because there
are multiple chemical species in the reactor. Let �sAVG(t) (t =
1, 2, 3, . . .) denote the average composition of the reactor at
time t . We define a Markov chain with these two attributes:
(1) The state space is SAVG = {�sAVG(1), �sAVG(2), �sAVG(3), . . .};
(2) The transition probability from �sAVG(t) to �sAVG(t + 1) is 1
while all other transition probabilities are zero. We now define
a MDP over this Markov chain using the same MDP action set
and objective function as in Section IV-B. The solution of this
MDP gives us the power level P(t) to be used at time t . The
ACLP is to use the power level P(t) at time t .

The calculation of �sAVG(t) can in principle be performed ana-
lytically by solving a Chemical Master Equation (CME) of the
reactor. However, this is practically impossible because the size
of the state space S is exponential in terms of the number of
molecules in a reactor, which is generally large. We therefore
choose to use SSA simulation to obtain the average composi-

tion at time t as �sAVG(t) =
∑J

i=1 �si (t)
J , where J is the number of

times SSA is run, and �si (t) is the composition in time slot t for
the i-th simulation run4.

4As different simulation runs have slightly different lengths, we choose to
truncate all simulation outputs to the minimum of all simulation runs.

Fig. 8. Evolution of the mole fraction of CnH2n+1 from both �sAVG(t) via
100 SSA runs and also a single simulation of the FT reactor.

We will show in Section VI that this local policy performs
close to the optimal MDP that uses the actual state (= chem-
ical composition) of the reactor. The reason why this policy
performs well is that the actual chemical composition of the
reactor can be well approximated by the average chemical com-
position, which we confirm using 100 runs of SSA. Figure 8
plots the average/single realization of a given chemical specie
(CnH2n+1) over time and provides a visual confirmation that
average is a good predictor for reactor composition. In fact,
over 330 time slots, the average difference between these two
composition-time curves is only around 12%.

The main challenge with the proposed simulation-based
derivation of �sAVG(t) is the complexity of the simulation, which
is directly dependent on the number of states, that in turn
depends on the volume of input gas. One way to address the
scalability issue with simulation complexity would be to sim-
ulate a small-scale process and use the derived optimal power
allocations for each single time slot to approximate power allo-
cation of a group of X slots in the large process, where X
is the ratio of the length of the large process to that of the
small process. As we will demonstrate in Section VI, this
approximation can retain the selectivity and power consump-
tion within 5% of the small-scale process even with a 1000x
increase in process length (X = 1000). Note that there are effi-
cient computation algorithms to perform SSA simulations. For
example, the Next Reaction Method [11] has a complexity
of O(nedges + log(nreactions)) where nreactions is the number of
reactions, and nedges is the number of edges of a dependency
graph and typically nedges is much smaller than nreactions.

We will end this section by discussing how the local pol-
icy may be implemented. The computation of the local policy
will be performed offline. Once the local policy has been deter-
mined, it will be loaded into the memory of the nanomotes in
the form of a lookup table. The lookup table has two “columns:
time and the power level to be used at that time. We assume
that each nanomote has its own clock and looks up the power
needed for each time. This means that the nanomotes do not
need to do any calculations and are only required to perform
lookup operations.
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VI. RESULTS

This section aims to study the performance of the local
policies proposed in section V. A good policy is one which
produces a higher selectivity for a given power budget. We com-
pare these local policies against the MDP policy and constant
power allocation. Note that the MDP policy is the optimal pol-
icy but it is not feasible to implement in nanomotes because
it requires the exact composition of the reactor at each time
instance.

A. Simulation Set Up and Methodology

We assume the FT synthesis starts with 100 carbon monoxide
molecules and 250 hydrogen atoms. The chemical production
continues until no more new chemicals can be produced. The
reactor is assumed to operate at a temperature of 500K and
pressure of 10 atmospheres. The nanomotes operate in the ter-
ahertz band ranging from 0.1–10 THz and use binary PAM
as their modulation schema. The pulse duration is 100fs and
the probabilities of bit 1 and bit 0 are assumed to be equal.
The molecular absorption noise in the reactor depends on the
chemical composition within the reactor. We follow the pro-
cedure of section III-C to compute the molecular absorption
noise/attenuation, signal to noise-interference ratio and finally
PER.

The distance between two neighboring nanomotes is
assumed to be 1 μm. Although the quality of terahertz
nanoscale communication in normal air up to few millimeter
might be promising [18], communication within a FT reactor
even in 1 μm is challenging. This is because during the course
of FT synthesis, some intermediate species (e.g., hydroxide,
OH) which have very high absorption coefficients, are pro-
duced. In fact, the average absorption coefficients of these
chemical species over the terahertz band are a few order of
magnitudes greater than the average absorption coefficient of
the channel with normal air composition which finally increase
the absorption coefficient of the FT medium, dramatically.
For example, as it can be seen from Figure 3a, the maxi-
mum average absorption coefficient of the FT medium in the
working pressure/temperature of the reactor (10atm/500K) is
more than 650m−1 while the average absorption of the nor-
mal air in the normal pressure/temperature (1atm/300K) is only
6 m−1; this is a more than 100-fold difference. We conduct 20
sets of experiments, each with a different nominal power lev-
els Pnominal chosen from 10−16 to 10−12 W. The schemes to
be compared are constant power allocation, MDP, RR+NLP
(which is the best local policy proposed in [43]) and ACLP
(our new local policy). We now explain how these schemes
make use the nominal power level. For constant power allo-
cation, each nanomote uses Pnominal as the transmission power.
For other policies, we generate m discrete power levels. The
minimum power P1 is zero which means the nanomotes do
not communicate. The other m − 1 power levels are drawn
from [ Pnominal

1000 , Pnominal] with maximum power Pm = Pnominal
and that have been equally spaced in this range. These m power
levels are used by the MDP and the local polices. Here, we
use m = 30. For a selected transmission power level PT , the

nanomotes use 1
2 PT and PT to transmit, respectively, a query

(PT,0 in Section III-C) and a reply (PT,1). At any given time slot
t , we follow Section III-C to calculate the receiver’s thresholds
ξ0,1(t) and ξn,0(t).

For MDP, we use the sparse sampling method to compute
selectivity and average power usage. For constant power allo-
cation and local policies, we incorporate the power selection
into the transition rates of the CTMC describing the FT pro-
cess. We can therefore simulate these by using SSA. At the end
of each simulation, we compute the selectivity and the aver-
age power usage for that simulation run. Note that the average
power usage for MDP and the local policies can be different
from the nominal power. For each of these policies, we repeat
the simulations five times and then average the results over the
five simulation runs to obtain the final results.

B. Results and Discussion

First, we present the power allocation policy computed by
MDP and show its ability to reduce the number of HTP reac-
tions. The results are obtained for a nominal power of 49fW.
As a reference, we plotted the probability of HTP reactions
ρU (t) at time t in an uncontrolled reactor in Figure 9a. The
graph shows that for uncontrolled reactor, the maximum HTP
reaction probability is 0.28. Figure 9b shows the MDP power
allocation policy PMDP(t) as well as the probability of HTP
reaction ρM D P (t) when the MDP policy is used. Note that
ρU (t) in Figure 9a and ρM D P (t) in Figure 9b are plotted using
the same scale. It can be seen that the probability of HTP reac-
tions is significantly reduced by the MDP policy. In particular,
the MDP policy reduces the maximum probability of HTP reac-
tions to 0.07. The MDP policy leads to a selectivity of 0.87 with
average consumed power of 49 × 10−15. Figure 9c shows the
receiver thresholds ξ0,1(t) and ξn,0(t) for β = 0.2. The appli-
cation layer performance of our WNSN is measured by the
selectivity. We study the achieved selectivity for 4 different
policies (MDP, RR+NLP, ACLP and constant) by varying the
nominal power. Figure 10 shows the selectivity versus average
power for the four policies and we have also added the selectiv-
ity of the uncontrolled reactor as a reference. It shows that all
four policies can improve the selectivity. Among them, MDP
policy is always the best and constant is always the worst. For
the two local policies, ACLP is always better than RR+NLP.
Moreover, for a certain range of nominal power, ACLP achieves
a selectivity close to that of MDP. We also find that irrespec-
tive of the policy, the selectivity is optimized for an average
power allocation of around 100fW5. ACLP achieves a maxi-
mum selectivity of 0.91, which is within 1% of that obtained
by MDP. RR+NLP and the constant policies achieve, respec-
tively, only 0.7 and 0.59, which means that ACLP outperforms
the previously proposed open-loop power adaptation policy by
30% and the non-adaptive power allocation by 52%. We now
examine the policies (power-time function) for MDP, RR+NLP
and ACLP in Figure 11. For a fair comparison, we have chosen

5The reason that we are able to achieve the optimum performance with such
a small power allocation is because the nanomotes need to communicate only
with their immediate neighbors.
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Fig. 9. The performance of MDP in suppressing the rate of undesired reactions.

Fig. 10. The selectivity achieved by different power allocation policies for a
given power budget.

three policies which consume around 85fW over one simula-
tion run. The RR+NLP policy achieves a lowest selectivity of
0.7 among the three policies. It places most of its power at
where HTP reaction rates or noise is high. MDP achieves a
selectivity of 0.91 and allocates an optimized power when the
HTP is high. The MDP policy fluctuates between high and low
power near the end of the synthesis because of fluctuating HTP
reaction rates during the same period of time. The MDP policy
therefore smartly switches off the nanomotes when there are no
HTP reactions. However, MDP can only achieve that by know-
ing what the exact chemical composition of the reactor is. The
ACLP policy achieves an intermediate selectivity of 0.87. This
policy also uses a high power when the HTP reaction rate is
high but because it does not know the reactor state, it does not
know the exact time to turn off the nanomotes to save power.

The comparison in Figure 11 is for one particular power con-
sumption. We now demonstrate that the relative performance
of the four policies, in terms of selectivity and power con-
sumption, holds for different power consumption levels too.
We define selectivity improvement of a policy as the per-
centage improvement using the selectivity of an uncontrolled
FT process as the reference. We plotted the average selec-
tivity improvement of MDP, ACLP, RR+NLP and constant
power policy in Figure 12. The performance figure is averaged

Fig. 11. Typical policies for MDP, RR+NLP and ACLP.

Fig. 12. Average selectivity improvement and average selectivity-to-power
ratio for different policies.

over nominal power levels in the range 10−16 to 10−12. MDP
achieves an average selectivity improvement of 184.6% while
ACLP comes in a close second at 172%, or a 9% performance
gap. We hypothesize that this gap is due to difference between
�sAVG(t) and the actual composition of the channel which was
around 12%. We measure the power efficiency of a policy by
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Fig. 13. Selectivity versus power for MDP and ACLP under nominal initial
condition, and the two perturbed operating initial conditions.

using the selectivity-to-power ratio. For a given nominal power
level Pi and a policy X , we define the selectivity-to-power ratio
Ei

X as:

Ei
X = The achieved selectivity using nominal power Pi

Average allocated power (fW)
(15)

The selectivity-to-power ratio therefore indicates what selec-
tivity can be achieved by spending a given average power. A
higher selectivity-to-power ratio means a more efficient policy.
We compute the average selectivity-to-power ratio of the poli-
cies by averaging over 20 nominal power levels. The results
are shown in Figure 12. It shows the MDP and ACLP have the
best average selectivity-to-power ratio at, respectively, 0.85 and
0.75.

We now turn to study the robustness of the local policies.
When we design the local policies, we assume that the initial
composition (which will be referred to as the nominal initial
composition) is given. In the above performance study, we
assume that the initial composition of the reactor is the nominal
initial composition. However, it may not be possible to control
the operating initial composition in a reactor precisely. Here, we
study the performance of the local policies when the operating
initial composition in the reactor is different from the nominal
initial composition. The nominal initial composition used for
design is 100 carbon monoxide and 250 hydrogen atoms. In this
study, we use two perturbed operating initial compositions: 90
carbon monoxide and 225 hydrogen atoms (−10% deviation)
and 110 carbon monoxide and 275 hydrogen atoms (+10%
deviation). We plot the results on selectivity versus power in
figure 13 for ACLP. The figure shows the results for MDP, and
ACLP under the nominal initial composition, as well as under
the two perturbed operating initial compositions. It can be seen
from the figure that the performance of ACLP is robust.

Finally, we investigate the performance of ACLP when the
small-scale optimal power vector is used to approximate a
large-scale process. We consider a large-scale input with the
number of CO and H molecules increased by a factor of 1000x
compared to the small-scale process with 100 CO molecules
and 250 H atoms. This also extends the duration of the FT

Fig. 14. Approximation of PAC L P for a large-scale reactor via a small- scale.
Power allocation via ACLP, PAC L P and its effect on the rate of undesired
reactions, ρ AC L P .

process by 1000 times. Therefore, the optimal power of one
time slot in the small-scale process is used to approximate the
power allocation of 1000 time slots in the large-scale. That is, in
the large-scale, we use the same power for each group of 1000
slots. In other words, the slot sizes are considered 1000 times
larger in the large process. The results are shown in Figure 14,
which plots the allocated powers and the HTP rates over time
for both the small and the large-scale processes. First, we notice
a ‘stair-case’ power allocation for the large-scale, because the
same power is allocated for 1000 slots. However, despite this
approximation in power allocation, we find that the HTP rates,
which are controlled by the allocated powers, have a similar
shape and values. Since the selectivity is influenced by the
HTP rates, we can expect similar results for the selectivity.
Indeed, we find that the resulting selectivity for small-scale and
large-scale is, respectively, 0.85 and 0.81. The average power
consumed for small-scale and large-scale is, respectively, 71fW
and 70fW. These results confirm that even when the ACLP is
used to approximate the power allocation for a process 1000x
larger than the simulated process, the selectivity and power
consumption remains within 5% of the small- scale process.

C. Impact of the Number of Available Power Levels

The earlier results are obtained by assuming m discrete
power levels, with m = 30, are available for the nanomotes
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Fig. 15. The impact of the number of available power levels m on selectivity
and average power consumption.

to choose from. Given that nanomotes have limited capability,
they may only be able to use a small number of power lev-
els. In this section, we investigate the impact of the number of
available power levels m on the selectivity and power consump-
tion. We will limit our study to the ACLP because it is the best
performing local policy.

We first recall how we generated the m power levels earlier.
The lowest power level is P1 = 0, which means the nanomotes
do not communicate. The other m − 1 power levels are drawn
uniformly from [ Pnominal

1000 , Pnominal] with maximum power Pm =
Pnominal. We will continue to use this method to generate m dif-
ferent power levels. Note that this method keeps the range of
power levels the same but different values of m will provide
different granularities of available power levels. We conduct
simulations to study the impact of different values of m on
selectivity and average power consumption. We vary m from 3
to 41 with an increment of 2. For each value of m, we simulate
10 times and present the average result. The results are plotted
in Figure 15. We observe that with increasing m, the selec-
tivity improves but the average power consumption decreases.
This is expected because a larger m provides more choices and
therefore better selectivity and lower power consumption. It is
encouraging to see that the selectivity decreases gracefully with
decreasing m. For m = 41, the achieved selectivity is 0.913 and
for m = 3, the selectivity is 0.82, which is still very high.

VII. DISCUSSIONS

In this section, we briefly discuss the feasibility of the
proposed WNSNs that can control a chemical reactor; the pos-
sibility of using self-powered WNSN; and the required time to
process a query in the proposed protocol in Section III

A. Feasibility and Cost Analysis

The feasibility of realizing such WNSNs are justified by the
recent developments in nanoscale catalyst preparation in which
species (such as nanomote) could be incorporated at the atomic
level [7], [21]. For example, in [7], carbon and nitrogen were
co-doped to enhance visible photoactivity of the material. If

the optoelectronic property of a catalyst can be improved via
nanoscale modification as demonstrated in [7], then a nanomote
can be equally atomically integrated since optoelectronic prop-
erties are also linked with electromagnetic character. The fact
that the method is now routinely done in the laboratory and
also with high throughput synthesis means that commercializa-
tion is realizable. Additionally, we envision atom-sized nano
carbon (graphene) as the nanomote in view of the previous
work by Jornet & Akyildiz [3]. Indeed, other components used
in the fabrication of the nanomote such as ZnO, are also fre-
quently present in FT catalyst preparation, thus, the nanomote
synthesis will be carried out either concurrently with the FT
catalyst or post-doped in a subsequent step. Regardless, the
nanomote-enhanced FT catalyst preparation is available from
current laboratory techniques in catalyst production [8], [10],
[49]. A detailed cost-analysis of such production, however, is
premature given that pilot-scale manufacturing based on the
laboratory methods is still unavailable.

B. Self-Powered WNSNs

We have recently investigated the possibility of using pyro-
electric nanogenerators to form a self-powered WNSN within
chemical reactors [44], [46]. Basically, when a reaction takes
place, energy can be absorbed and released. The heat changes
create a temperature gradient which can be harvested by pyro-
electric generators. The harvested energy can be stored in a
capacitor to power the terahertz wireless transmitter. However,
it is possible that the power demanded by the local policies P(t)
at time t would be greater than the actual amount of power
available at the capacitor. One possible option is to use the
available power at the capacitor. A key problem with energy
harvesting WNSN therefore is the possibility of allocating an
extremely low power if the capacitor level falls drastically. We
will investigate the performance our proposed power allocation
policies in self-powered WNSNs in future studies.

C. Processing Time

In the proposed neighborhood search protocols in Section III,
the required time to process a query plus the time for checking
if the site contains a molecule of CnH2n+1 is important. Each
nanomote has a flag that is saved in a nanomemory to indicate
the existence of CnH2n+1 at its site. Whenever a CnH2n+1 is
formed at the site, the flag is set to 1 and when other molecules
are formed the flag is set to 0. Therefore, the memory access
time is important. The currently available nanoscale memories
can read/write a single bit in less than few nanoseconds [28],
[38] and this satisfies our application’s requirement. Regarding
to the processing time, theoretically, the switching frequency
of nanoscale transistors such as carbon nanoribbon and car-
bon nanotube transistors are around 10 THz [25]; this is good
enough for our application.

VIII. CONCLUSIONS

We have shown that WNSNs operating within a chemical
reactor cannot achieve good performance with constant power
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allocation due to the time varying terahertz channel caused by
chemical composition variation over time. Given the channel
state feedback, MDP can be used to optimally adapt the power
allocation to maximize reactor selectivity, but channel feedback
is difficult to achieve due to computation and communication
constraints at the nanoscale. We have proposed an open-loop
power adaptation policy that is based on estimating the chan-
nel evolution over time using only offline simulations of the
reaction process. Using extensive simulations, we have shown
that the proposed open-loop policy is capable of achieving near
optimal performance without the channel feedback.
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