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Abstract

Graphene-based nanosensors are used in many applications to monitor and survey physical or
chemical phenomena. The use of Graphene improves the mechanical, electrochemical, optical, and
magnetic properties of nanosensors due to its properties such as physical properties. But there are some
characteristics and measurements that must be taken to manufacture such sensors. In this work, a Neural
Network (NN) has been proposed that can predict the values of UV (ultraviolet) measurements, which are
wavelength and absorption, based on XRD (X Ray Diffraction) measurements, namely diameter (in
millimeters) and angle (theta in degrees). The proposed NN was developed on Network-on-Chip (NoC) to
take advantage of the high level of parallelism and computing power provided by NoC. In addition, we
used an adaptive XY routing algorithm due to its simplicity and allows exploiting multiple paths to route
packets to their destination which reduces the number of lost packets due to the high injection rate without
introducing any latency. Moreover, we proposed a mapping algorithm to extract maximum performance
from the adaptive XY algorithm. The obtained results show the efficiency of the proposed architecture, as
it allows packets to take different paths. Thus, the traffic is distributed across the network and significantly
reduces packet loss. Moreover, the equal length of these paths allows avoidance of latency.

Keywords: Network on chip, Artificial intelligence, Neural networks, Nano-biosensors, XY routing
algorithm

Introduction

Biosensors are currently used in many fields such as Food analysis, the study of Biomolecules and
their interactions, drug development, crime detection, medical diagnosis, environmental field monitoring,
industrial process control, manufacturing of pharmaceuticals, and replacement of organs. For instance, the
use of biosensors in the medical field can lead to a remarkable improvement in patient care, early diagnosis
of diseases, and pathogen detection. Gevaed et al. [1], designed and synthesized imidazole-functionalized
graphene oxide for the detection of progesterone (P4), which is the most important progestogen and plays
a key role in the stabilization and maintenance of gestation in mammals. Zvi et al. [2], designed a platform
that enables the early diagnosis of gynecologic cancer at advanced stages where artificial intelligence
techniques have been used to predict the presence of cancer indicators, based on the data collected through
nanosensors. those data (DNA sequence) represent the input of the Artificial Neural Networks. The results
being the presence and classification of each biomarker. Yet, the fabrication of biosensors requires
knowledge and research in multiple disciplines, namely biology, chemistry, and engineering. Moreover,
several constraints should be taken into account, such as reliability, stability, convenience, comfort, costs,
miniaturization, biocompatibility, real-time, unobtrusive, etc.

Graphene-based materials have been considered superior to other nanomaterials for the development
of sensitive biosensors [3]. Graphene-based sensor interfaces have many advantages, including an increased
surface charge of the desired ligand due to the high surface-to-volume ratio, excellent conductivity, and a
low bandgap that is beneficial for sensitive electrical and electrochemical readings as well as tunable optical
properties for optical readings such as fluorescence and plasmonics. Graphene offers a high density of
energy and power, as well as specific capacitance in accordance with its high-power structure-based
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supercapacitors [4], due to the porous design of graphene, which increases accessibility to ion diffusion and
provides high conduction. The use of ionic liquids helps to strengthen this characteristic. Sarmanova et al.
[5], proposed a fluorescent nanosensor based on carbon dots for the measurement of pH and temperature.
In their work, they used Neural Networks to simultancously determine the value of pH and ambient
temperature, achieving an accuracy of 0.0005 pH and 0.67 °C, respectively. This graphene-based
nanosensor operates within a temperature range between 22 - 81 °C.

Sensors consist of 2 elements, namely the receptor and transducer. The receptor interacts with the
target molecule, whereas the transducer converts the chemical information into measurable signals. In
graphene-based biosensors, graphene is used as a transducer that converts the interaction between the
receptor and the target molecules into a quantifiable signal [6]. The graphene-based sensors have a lot of
promise in the fields of biomedical, food industry, etc., due to their advantages such as nano-size, edge
effects, biocompatibility, good conductivity, and quantum confinement. Alongside their atomic thickness
that characterizes the graphene layers, which allows direct contact with analytes resulting in high sensitivity
compared to silicon. In addition, this also allows for conformal and intimate contact with organs [7]. Trung
et al. [8], used reduced graphene oxide (rGO) fiber to develop a wearable temperature sensor with high
responsivity, fast response time, and satisfactory recovery time. Furthermore, this sensor allows for real-
time measurement of body temperature. Another example of the use of graphene-based sensors can be
found in the work of Zhu et al. [9], where a bifunctional intelligent nanosensing platform based on
graphene-like titanium carbide MXene (Ti2C MXene)/ Au-Ag nano shuttles (NSs) was used for both
electrochemical and SERS intelligent analysis of ultra-trace carbendazim (CBZ) residues in tea and rice.

However, measurements such as UV, XRD, and dielectric are needed for the fabrication of accurate
sensors, but the process of conducting the experiment and taking measurements is costly in terms of time
and effort. The proposition of Artificial Intelligence (Al) can allow for the saving of time needed to do the
laboratory measurements.

Neural Networks are considered an effective Al technology to solve various problems such as
classification, prediction, and pattern recognition to name a few. This technology is characterized by its
ability to simulate the biological brain in terms of its working mechanism and learning process, which is
why it is named as such.

One of the biggest challenges when building Neural Networks is that they require a lot of parallel
processing power. Embedded systems have experienced a significant evolution in terms of performance,
leading designers to produce System-on-Chip (SoC) solutions. These systems integrate various elements
such as processors, memories, I/O blocks, and communication media.

The evolution of embedded systems has suggested the idea of connecting SoCs in Networks-on-Chip
(NoCs) to take advantage of parallelism and minimize runtime and power consumption.

NoCs are currently used in various fields of application due to the high level of parallelism that can
be achieved, mainly because the links can work simultaneously on different data packets, which improves
the system’s performance. NoCs also provide more power efficiency at a lower cost. It is simpler in terms
of hardware and routing function, helping to implement a complex system. NoCs reduce routing congestion
and provide easy synchronization closure. Furthermore, it is much easier to exchange processing element
(PE) blocks to create derivative chips and quickly respond to engineering change orders during the
development phase [10].

In our work, we used data collected from the synthesized graphene oxide associated with ionic liquid
(GO +1L) [11], using ultrasound irradiation and ionic liquid [12], as a reaction medium. This data was used
to create a training dataset for NN. Additionally, we use NN to take advantage of the prospects it offers in
order to predict the values of UV measurements of GO + IL based on a given XRD measurements which
allows the reduction of time needed for fabrication of graphene-based biosensors.

This study aims to propose a NoC-based architecture to implement an artificial neural network, taking
advantage of the high level of parallel computing power offered by NoC. The proposed NN can predict UV
measurements with high accuracy, thus saving a considerable amount of time and effort needed for
conducting experiments and measurements. Whereas, the proposed architecture uses an adaptive XY
routing algorithm and a proposed mapping algorithm to exploit the maximum number of paths to route
packets to their destination, resulting in an enhancement in the efficiency of the architecture. Furthermore,
we used a router structure with buffers to store incoming packets in the case where packets arrive at a rate
faster than what the router can handle. The main contribution of the present work is the combination of the
adaptive XY routing algorithm and our proposed mapping algorithm, which aim to exploit as many possible
paths. Moreover, we proposed a clustering strategy that considers the communication between different
neurons in feed-forward NN where each neuron sends packets to all neurons in the next layer, so the neuron
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doesn’t send packets to neurons situated within it in the same layer or neurons in the previous layer. The
obtained results show the efficiency and accuracy of the proposed approach.

The first part of this paper is devoted to presenting related work where we are going to show some of
the challenges related to designing NoC architecture to implement NN and some of the research that has
been done in recent years in this area. then we proposed NN which aims to predict the UV measurements
from given XRD measurements. Then, we show the training phase of the NN. Finally, we present how we
implement the NN into NoC architecture.

Related work

Neural Networks are used with NoC in various applications. For instance, Kun-Chih Jimmy Chen and
Yuan-Hao Liao [13], used Artificial Neural Networks to predict the temperature of the NoC system. The
aim is to control the temperature of the NoC to extract the best efficiency and performance; compared to
the conventional temperature prediction that uses physical parameters, their approach reduces average error
by 37 to 62 %, resulting in increased performance by 9 to 38 %.

Research [14-16], shows that NoCs are a powerful tool for implementing Neural Networks due to
their high level of parallelism, flexibility, scalability, and low cost. However, despite all these advantages,
there are still problems to overcome that are mainly caused by the high number of packets circulating in
the network. Thus, it is crucial to implement methods and mechanisms to minimize their impact on the
functioning of Neural Networks. Additionally, NoCs are vulnerable to transient or intermittent phenomena
due to different factors such as electromigration, electromagnetic interference, cosmic radiation, etc. This
can lead to a network system failure; therefore, it is critical to ensure that the NoC tolerates failures. During
an outage, tasks can be transferred, relocated or substituted by implementing a self-organized mechanism
[17], that works independently without needing external control.

A key element to address these challenges is a Network-on-Chip (NoC) topology that can manage the
large volume of packets generated by Neural Networks. There are several topologies available, such as Tree
topology [18], Butterfly Fat-tree [19], Octagon [20], Mesh topology, etc. The Mesh topology is the most
widely used [21,22], due to its several advantages. It has better power consumption and latency thanks to
its fixed wiring length. Additionally, it provides good scalability and is easy to implement with a well-
understood structure [23]. Sandeep et al. [21], proposed the EMBRACE architecture, a 2-dimensional mesh
topology that includes a set of routers (R) to route different packets to their final destination, a set of neurons
(N), “Spike Generators” (SGs) to generate packets with different rates and inject them into the network,
and “Spike Counters” (SCs) to count the number of packets received by a router. Neural configuration
parameters such as synaptic weights and threshold, as well as Spiking Neural Networks (SNN) connection
topology, are programmed in order to realize the EMBRACE architecture. In their architecture, the NoC
router decodes the destination of the incoming packet and then transmits it either to the neuron (via the
local port) or to one of the neighboring routers (via the North, South, East, or West output ports). Based on
a routing table stored in the router's configuration memory, the router uses “round-robin” with 8 states
(namely N (North), E (East), S (South), W (West), SG (Spike Generator)/SC (Spike Counter)/N (neuron)
and 3 additional states used for housekeeping tasks) to poll and maintain its ports. Because the NoC router
introduces a delay of a single clock cycle in routing the packet to a neighboring router, the maximum
processing time is 9 clock cycles. The result shows that the EMBRACE architecture offers a good reception
rate at higher injection rates. For instance, packet loss occurs at about a rate of 1 packet every 15 clock
cycles for a 2-router path, and it occurs at about 1 packet every 30 clock cycles for a path of 3 routers.
However, at a rate of 1 packet per clock cycle, almost all packets are lost.

To address the huge traffic generated by Artificial Neural Networks, Ouyang ef al. in their work [24],
proposed a multicast mechanism for a NoC-based Deep Neural Networks Accelerator (MMNNN). They
used a tree-based multicast routing algorithm to address the degradation of performance due to the high
number of one-to-many packet transfers in the unicast channels. Their proposition allows for high
throughput and lower latency, while also minimizing the number of transmitted packets. However, the
router area increased by 33 %.

Another parameter to take into account while designing a Neural Network is memory. As the Neural
Network’s size grows, the memory requirements for storing its configuration increase considerably, posing
a serious challenge to its scalability. Architectural techniques for reducing the memory requirements of
Neural Network topology are needed to ensure efficient and compact hardware behavior.
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Modulization and simulation

In this section, we will present the process of preparing data fed to the Neural Networks. Then, we
will demonstrate the training process using the MATLAB tool, which aims to obtain the configuration of
the Neural Networks to solve the problem of predicting UV measurements (wavelength and absorption) of
synthesized graphene oxide associated with ionic liquid (GO + IL) [11], based on XRD measurements
(diameter and intensity). Finally, we will present our architecture to implement NN on NoC.

Data preparation

The data preparation is done in 2 stages, namely the stage of preliminary calculations of values and
data data crossing. In the following, we will explain these steps in more detail.

Two measurements, XRD and UV, were used. For the XRD measurements, we used a diffractometer,
which is a device for measuring the diffraction of radiation on a target. The results of the XRD measurement
were the intensity values as a function of 20. We determined a frequency (rank value) for each intensity
value using the following equation f = D / 2w, where D represents the diameter (the size of the crystallite
which is calculated using Scherrer’s formula). For the UV measurement, we used a spectrophotometer to
determine the wavelengths of absorbed electromagnetic radiation. The results obtained were absorbance
values as a function of wavelength (w), and we calculated their frequency as follows: f=w / 2x.

After extracting the measurements, the next step is to eliminate the noisy data which is the result of
incorrect measurements such as obtaining negative values, and calculate the size of the crystallite using the
Scherrer formula, which is essential information to gain a general understanding of the composition of the
material studied. Then, we calculate the frequencies using the formula presented above.

In the data crossing step, we calculate the distance between the frequency values of the 2
measurements. In other words, we associate each XRD frequency with the UV frequency that is closest to
it. This step will result in forming the data set used to train the NN. Thus, at the end of the data crossing
phase, a data set is created that links these XRD and UV measurements to each other. The obtained data set
contains the diameter and intensity (XRD measurements) along with their counterparts from the UV
measurements, namely absorption and wavelength. The resulting data set contains 1,202 rows to be used
as a training set for NN.

Table 1 Biases and synaptic weight of the NN.

Neuron Biases Inputs Outputs
Theta (deg) Diameter (nm) wavelength absorbance

Neuron 1 —8.563227836 6.392449127 6.540957 0.217391 0.511342
Neuron 2 7.259265641 —5.000084322 =7.26654 0.414984 —0.44807
Neuron 3 —5.049343477 8.470778475 2.216345 —0.36988 -0.01797
Neuron 4 —3.60425241 9.06009799 -0.175 0.117298 —0.82584
Neuron 5 0.452707173 —0.624864509 —8.75406 —0.54361 0.364355
Neuron 6 —3.141442749 5.536282053 —6.60776 0.042334 2.379774
Neuron 7 —2.134456214 —6.589638802 —4.86572 —0.00043 —0.35572
Neuron 8 —4.718465471 —8.2309162 2.783072 0.679358 0.38977
Neuron 9 6.489951214 1.417080919 —9.25321 —0.27669 0.169634
Neuron 10 8.589122267 8.645658922 —0.77402 —1.18812 —0.01355

Training of the neural networks

In this step, we use the data obtained in the previous step to train the Neural Network. We used
MATLAB tools to train the Neural Network. We divide the data into 2 sets; the first set is used in the
training process and contains 80 % of the data from the original set, and the second set is used in the
validation process and contains the remaining 20 % of data from the original set. In the validation process,
we compare the result obtained by the Neural Network with the real result to evaluate it, and we choose
one with smallest error margin.
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The Neural Network with the best result, shown in Figure 1, has 2 neurons in the input layer that
correspond to XRD measurements (the size of crystallization and the angle). It has a single hidden layer,
composed of 10 neurons, which uses a sigmoid activation function. The output layer has 2 neurons that
correspond to the 2 UV measurement, namely the wavelength and absorption value. Table 1 shows the
synaptic weights and biases of the Neural Network, obtained after the training phase using MATLAB tools.

Proposed method

In the following, we are going to present our architecture to implement Neural Networks in a NoC
design. We are going through all the elements that make up our architecture, starting from the packet
structure until the routing algorithm.

Figure 1 Proposed artificial neural networks layout.

Packet

A packet is composed of 48 bits. The most significant 4 bits are used to identify the final destination
of the packet, with the first 2 bits representing the X coordinate and the other 2 bits representing the Y
coordinate. The next 12 bits are not currently used, but they can be utilized in future works for error
checking, such as using a parity bit, or for implementing a mechanism for detecting and resending lost
packets. The remaining 32 bits represent the data being transmitted.

Router

The role of the router is to forward packets to their next destination. The proposed router [25,26] (as
shown in Figure 2) consists of 4 blocks for each direction: North, South, East and West, plus an additional
block (local port) which connects the router with a Processing Element (PE) (computing unit). Each block
contains 2 sub-blocks. The first one deals with incoming packets and the second with outgoing packets.
The first sub-block is the input block and is composed of 2 elements: An input port that receives the
incoming packet and an input buffer that stores the packet until the router determines which output port it
must be forwarded to. The second sub-block consists of an output port that allows the packets to reach their
next destination and 3 buffers that store packets in case the next router is occupied.

Routing algorithm

The XY routing algorithm is a well-suited choice for mesh topologies. In this algorithm, the next
destination of the packet is determined by comparing the X and Y coordinates of the router and those of the
destination stored in the packet. The comparison begins with the X coordinate, followed by the Y
coordinate, so that the packet will travel along the X-axis of the mesh before proceeding along the Y-axis.
This algorithm is efficient in terms of memory since it eliminates the need for a routing table. However,
since a packet always follows only one path, it can lead to congestion on these paths despite alternative
paths being available, resulting in a bottleneck in system performance.

To distribute the traffic of packets across the network, we used an adaptive XY algorithm which is
similar to the traditional XY algorithm. But in this algorithm, a packet can be forwarded through the Y axis
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if the packet cannot be forwarded through the X axis (for instance, if the output port is occupied) and the Y
coordinate of the packet is different from that of the router. In other words, the packet travels first along the
X-axis, but if it encounters an occupied output port, it will be routed through the Y -axis temporarily unless
it is on the same Y-axis as its destination. In this case, it has to wait until the output port is no longer busy.
This reduces waiting time and allows traffic to be distributed over the entire NoC platform, resulting in
improved performance.
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Figure 2 The structure of the proposed router.

Neuron clustering

The clustering of neurons enables the implementation of complex and larger neural networks on a
small-size NoC platform. Instead of assigning the tasks of a single neuron to a single PE, by clustering,
multiple neurons can be assigned to a single PE, which allows for the sharing of resources such as memory
between neurons. Additionally, this will reduce the traffic of packets.

G2 Gy

gd

(53 Gs

Figure 3 The strategy of clustering neurons. Neurons are divided into 6 groups each one is assigned to a
single PE.
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The maximum number of neurons for the PE depends primarily on the computing capacity of the PE.
For instance, in Figure 3 we have an NN with 2 neurons in the input and output layer plus 2 hidden layers
with 6 neurons each. For the sake of simplicity in this example, we assumed that the PE could handle a
maximum of 3 neurons. After clustering, we obtain 6 groups of neurons; each group will be assigned to a
single PE. It should be noted that for the mapping algorithm it is mandatory that each PE is assigned only
neurons from the same layer to increase performance. In other words, we are not allowed to assign neurons
from 2 different layers to the same PE.

Computing unit

The computing unit (Processing Element) plays the role of multiple neurons in the Neural Networks,
so it receives data from neurons in the previous layer and sums it up, then transmits the result to all neurons
in the next layer. Since a computing unit plays the role of multiple neurons instead of just 1 neuron, it allows
the architecture to be easily scaled to encompass a larger NN.

=
Calculation unit b— 2
— — 2
-
¥
Data Data
out in

Figure 4 The structure of computing unit.

Each computing unit is attached to a local port of a router in the mesh topology. The structure of the
computing unit is presented in Figure 4, as we can see it is composed of 4 components:

Input port: The input port is used to retrieve packets from the switch.

Memory: It stores the structure of the Neural Networks, i.e., the coordinates of all the neurons in the
next layer, along with the synaptic weights; so basically, they store the configuration of our NN.

The calculation unit: Its role is to calculate the output of the neuron by using the synaptic weights
stored in memory to produce packets which contain the result alongside its destination address.

The output port: Its role is to inject the packet built by the computing unit into the NoC by transmitting
it to the connected switch.

| | | | |
JCHH (H

(oo ] (=LA

(a) (k]

Figure 5 Possible paths for packet using (a) traditional XY routing algorithm and (b) adaptive XY routing
algorithm.
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Attach the PE of the input layer to the router located at (0,0).

I

Attach the PE of the output layer to a router in the top-right corner

I

Make the input layer the left edge layer and the output layer the right edge layer

'

Attach the PE of the middle layer to the router in the center of the routers to which
the PE of the edge layers are attached

Can be divided

Make the layer in the middle the right edge layer of the 1st part

!

Make the layer in the middle the left edge layer of the 2nd part

I

Attach the layer in the middle of the 1st part to the router at the center of the
routers where the edges of the 1st part are attached.

}

Attach the layer in the middle of the 2nd part to the router at the center of the
routers where the edges of the 2nd part are attached.

I

For each layer

Figure 6 The flowchart of the proposed mapping algorithm.

Neuron mapping

The adaptive XY routing algorithm allows distributing the traffic over the network to avoid congested
points in the network, unlike the traditional XY routing algorithm where all packets are routed through only
one path which could result in loss of packets if the packets are sent at a rate higher than the router can
handle. However, to extract the maximum performance from the adaptive XY routing algorithm, it is
necessary to place the PE cores at a distance from each other on both axes. As we can see from Figure 5,
as the destination and source PE cores are further apart and not on the same X and Y axes, the number of
paths increases. For instance, there is only one possible path between A to B and A to C in the traditional
and adaptive XY algorithms. But between A and D there is 1 path using the traditional XY routing algorithm
and 3 possible paths using the adaptive XY routing algorithm. To extract the best performance from the
adaptive XY routing algorithm, we proposed a mapping algorithm (Figure 6) that can be applied to an NoC
with a mesh topology.
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Figure 7 Clustering and mapping the proposed NN on 3x3 NoC.

The proposed algorithm aims to position clusters of layers that communicate with each other as far
apart as possible on both axes to take advantage of adaptive XY routing algorithms. To accomplish this,
the algorithm calculates the placement of the PE corresponding to the cluster of the middle layer situated
between the edge layers. It then divides that section into 2 parts, where the middle layer serves as an edge
layer in each part. The algorithm then calculates the placement of the PE corresponding to the cluster of the
middle layer in each part. Initially, the input and output layers serve as edge layers. With each iteration, the
algorithm divides the NN into 2 parts, where the first part has the first edge layer and the middle layer
whose coordinates were just calculated, and the second edge layer and middle layer as the second part’s
edge layers. For each part, the algorithm repeats the same steps to calculate where to attach the cluster of
the its middle layer. The process is then repeated for each part until all clusters are attached to the
appropriate routers. Using Egs. (1) - (2), the coordinates of the router to which the PE core of the middle
layer should be attached can be calculated. The variables x and y represent the coordinates of the router
where the PE core of the middle layer should be attached, while xs, X4, s, and yq represent the coordinates
of the routers to which the PE cores of the edge layers are attached. Initially, the edge layers are the input
layer and output layer, which are placed in the bottom-left corner and top-right corner, respectively. With
each iteration, the NN is divided into 2 parts and the edge layers are updated so that all PE cores are attached
to the appropriate routers. It should be noted that if the number of neurons in a layer exceeds the capacity
of a single PE core, the tasks for these neurons are assigned to multiple PE cores, and one PE core is placed
using the mapping algorithm while the other is placed on the same Y -axis.

Xst+Xxq

x = 2 (1)

2

y =¥ )

As shown in Figure 6, the mapping algorithm starts by connecting the PEs of the input and output
layers to the bottom-left and top-right routers of the mesh NoC, respectively. The input and output layers
are then set as the left and right edge layers. The next step involves connecting the PEs of the middle layer
to the appropriate router using Eqs. (1) - (2). If the NN can be divided into 2 parts, the algorithm divides it
into 2 halves, where the middle layer becomes the right edge layer in the first half and the left edge layer in
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the second half. For each half, the middle layer is connected to the appropriate router using the previously
mentioned equations, and the algorithm checks if it can be divided further into 2 halves. This process is
repeated until it’s no longer possible to divide each part into 2 halves, meaning all PEs have been placed
within the mesh NoC. The middle layer is the layer in the center between the edge layers. For example, if
the NN has the 3 hidden layer and the input and output layers are the edge layers, then in the first iteration,
the second hidden layer is the middle layer. In the second iteration, the second hidden layer serves as the
edge layer for the 2 halves, the 1st hidden layer is the middle layer for the first half, and the third hidden
layer is the middle layer for the second half.

The first step of the process involves placing the PE core that serves as the input and output layers in
the bottom-left corner and top-right corner, respectively. In the second step, the PE core of the layer between
the edge layers whose PEs are connected to the router. The PE core should be attached to the router in the
center of the 2 routers where the edge layers have been attached. Using Egs. (1) and (2), the coordinates of
the router to which the PE core should be attached can be calculated. The variables x and y represent the
coordinates of the router where the PE core should be attached, while xs, x4, Vs, and yq4 represent the
coordinates of the routers to which the PE cores of the edge layers are attached. In other words, first, the
edge layers correspond to the input layer and the output layer is placed in the bottom-left corner and top-
right corner, respectively. Then, we calculate where to put the layer in the middle of the input and output
layers. Then, we repeat the same process but this time the edge layers correspond to the input layer and the
layer located in the middle of the input layer and output layer. Basically, we consider the 2 layers whose
PE are attached to a router as the 2 layers on the edge, then we calculate to which router we should connect
the PE of the layer which is in the middle of those edge layers. As mentioned above, this step should be
repeated until all PE cores are attached to their router. It should be noted that in the case where the number
of neurons in a layer exceeds the capacity of the PE core, then the tasks of neurons of this layer are assigned
to multiple PE cores and we placed one of those PE cores using the mapping algorithm and the other should
be placed on the same Y-axis.

Ro, ]_ ’ .

Ro,3 F—ﬂh— Ra3 ﬂh— Raz
WPE}

qu — Rl} RJ,Z R32 Rq'z

Ra,1 F_glhf

R’U.O R 1.0 R 20 R;_Q R-'LO

0
y_

2,1

-
-

Figure 8 Clustering and mapping the proposed NN on 5x5 NoC.
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For instance, Figure 7 shows the NN obtained from the training phase mapped onto a 3x3 NoC. The
first step is to connect the PE of the input layer to the router in the bottom left corner, and the PE of the
output layer to the top right corner. Specifically, the PE of the input layer is connected to the router with
coordinates (0,0), and the PE of the output layer is connected to the router with coordinates (2,2). In the
next step, the PE of the hidden layer is connected to the appropriate router. Based on the equations
presented, the PE of the hidden layer is connected to the router with coordinates (1,1).

In Figure 8, the same NN is mapped onto a 5x5 NoC. The PE of the input layer and the output layer
are placed at the corner routers with coordinates (0,0) and (4,4), respectively. The hidden layer is connected
to the router with coordinates (2,2). As we can see, the difference is in the number of paths between the
PEs. In the first mapping, packets have to cross 3 routers to reach their destination and there are only 2
possible paths. However, in the second mapping, packets have to cross 5 routers, but there are 5 possible
paths, reducing the chance of packets being lost.

Result and discussion

In this study, we employed a technique of crossing data to create a dataset to train a NN. The results
showed that the trained NN provided remarkable precision, as it was able to predict the values of UV
measurements based on XRD values with an average error of =6 for wavelength and ~0.6 for absorbance.
However, a more accurate prediction could be achieved by increasing the size of the training set through
additional laboratory XDR and UV measurements.
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Figure 9 Packet loss rate per packet injection rate (in number of clock cycles); (a) using traditional XY
routing algorithm (b) our architecture with the Adaptive XY routing algorithm.

Regarding the NoC, we implemented the NN using a mesh topology and an adaptive XY routing
algorithm. To further enhance performance, we proposed a mapping algorithm that aims to extract the best
performance from the adaptive XY routing algorithm. Additionally, the use of a clustering technique
reduced the number of packet circulations within the NoC. To evaluate the performance of our proposed
approach, we used the percentage of lost packets as a performance indicator. In regards to the NoC, we
implemented a NN using a mesh topology and the adaptive XY routing algorithm. To further improve
performance, we proposed a mapping algorithm that aims to extract the best performance from the adaptive
XY routing algorithm. Additionally, the use of clustering technique reduces the number of packet
circulation within the NoC. To evaluate the performance of our proposed approach, we used the percentage
of lost packets as a performance indicator. As the packet injection rate and path length (i.e. the number of
routers a packet must pass through to reach its destination) impact the percentage of received packets, we
calculated the percentage of received packets for various injection rates and path lengths for both the
traditional XY routing algorithm and adaptive routing algorithm using our proposed approach. The results
are summarized in Figure 9. From the graphs, we can see that as the packet injection rate increases, the
packet loss rate also increases due to the router’s inability to forward a packet stored in its buffer before the
arrival of another packet. Additionally, as the path becomes longer, the possibility of this event increases,
resulting in a greater loss of packets. As for the adaptive XY algorithm, it allows for the distribution of
traffic over a mesh network. This algorithm allows for multiple paths of the same length for packets to
reach their destinations, resulting in improved performance compared to the traditional XY algorithm when
the source and destination are located on different X and/or Y-axes. However, if the source and destination
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are located on the same X or Y-axis, only one path is possible and thus, the performance of both the adaptive
and traditional XY algorithms will be the same.

As we can see from the graph in Figure 9, the adaptive XY algorithm does not provide an
enhancement for paths with only 2 routers, as in this case, only one path is possible to forward the packet.
However, for paths with 3 or 4 routers, where there are respectively 2 and 4 possible paths in the case of
the adaptive algorithm with our proposed mapping algorithm, we noticed some improvements in terms of
received packets. For example, at a rate of 1 packet every clock cycle, we saw that the packets lost decreased
from around 50 % in the traditional XY routing algorithm to only 10 % with the adaptive XY routing
algorithm for a path with 3 routers, and from 60 to 10 % for a path with 4 routers. Even in the case of a
higher injection rate such as 4 packets every clock cycle, where all packets were lost in the traditional XY
routing algorithm, we saw that by using the adaptive XY routing algorithm, the packets lost dropped to
around 75 %. This represents a significant improvement compared to the EMBRACE architecture
mentioned above in section 2, where almost all packets were lost at a rate of 1 packet in each clock cycle.
It should be noted that the greater the distance between the sending and the receiving router, as long as they
are not situated on the same X or Y axis, the lesser the effect of packet loss compared to the traditional XY
algorithm, this is due to the increasing number of paths that a packet can follow to reach its destination.
Instead of packets being lost because all buffers are occupied by packets waiting to be forwarded to the
next destination so the new arriving packets can't be stored and consequently, they will be lost, in the
adaptive XY routing algorithm, those waiting packets can be forwarded through other available paths, and
thus the input buffers are free to store the new incoming packets. It should be noted that this algorithm does
not introduce any latency since all suggested paths by this algorithm are of the same length.

Using the XY algorithm allows the reduction of the time required to calculate the next destination of
the packet since it is determined by a simple comparison between the destination coordinates stored in the
packet with those of the router rather than accessing a routing table. Additionally, the use of the adaptive
XY algorithm enables the exploitation of all possible paths to forward packets to their final destination,
resulting in the avoidance of congestion without introducing any latency as all paths have the same length.
This further increases the performance and efficiency of the proposed architecture. The mapping algorithm
enables the placement of PEs that communicate with each other as far apart as possible on both axes,
resulting in many paths that packets can follow to reach their destinations. This allows for the full potential
of the adaptive XY routing algorithm to be utilized. Furthermore, neuron clustering reduces the number of
packets circulating in the NoC, which improves the performance of the proposed architecture. Additionally,
the use of buffers with 3 levels allows packets to be stored and reduces the possibility of losing a packet
before it is transmitted to the appropriate outgoing port.

Conclusions

In this paper, we cross-referenced data from both UV and XRD measurements based on their
frequency, which allowed us to form a training set for the NN. We then used MATLAB tools to train the
NN and chose the best-fit NN to solve the problem of predicting UV measurements based on given XRD
measurements. We then reviewed our NN NoC-based architecture with a mesh topology in which we used
a router with buffers to store incoming and outgoing packets, which allowed us to minimize the number of
lost packets. As for the routing algorithm, we used an adaptive XY routing algorithm, which is well-suited
for the mesh topology and provides multiple paths for packets to reach their destination compared to the
traditional XY algorithm. This enhances the performance of the proposed architecture without introducing
any latency.

Regarding the placement of neurons in the NoC platform, we first demonstrated our clustering
strategy that reduces the number of packets injected into the NoC and allows for better resource sharing
between the different neurons. Then, we presented our mapping algorithm that distributes clusters in a way
to exploit as many paths as possible for the adaptive XY algorithm, thus enabling better traffic management
within the NoC and resulting in further enhancement in terms of reducing lost packets. The use of an
adaptive XY routing algorithm alongside the proposed mapping algorithm and clustering strategy allows
for increasing the number of paths that packets can take to reach their destination. Since all paths are of the
same length and the shortest paths possible, the proposed method doesn’t introduce any additional latency.
The length of the path may affect the time needed to obtain the final output of NN. However, in cases where
packets are lost, it results in not producing the final output of NN which makes the proposed approach
provide a good compromise between the time needed to obtain the output of NN and minimizing the effect
of lost packets. The results show that the proposed architecture has an excellent packet reception rate even
at higher packet injection rates. This work is a contribution towards designing a robust biosensor. In the
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future, we aim to evaluate the performance of the proposed architecture by studying other characteristics
such as energy consumption.
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