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Abstract—Machine learning (ML)-applied sensing systems are
widely deployed in real environments in the research and devel-
opment of wireless sensor networks (WSNs). However, in these
systems, the central server must deal with the large amounts of
sensing data and high processing costs to execute ML tasks.
To deal with these issues, in-network processing methods of
ML tasks have been proposed for WSNs. However, their main
focus is to decide the division points and allocation strategy
of ML tasks, and therefore they do not consider the routing
algorithm in distributed environments. This paper proposes an
opportunistic division and allocation method of ML tasks in
distributed WSN environments that does not rely on a specific
path. In the proposed method, each node autonomously makes
a forwarding decision based on the remaining computational
resource and hop count to distribute the computational load while
considering the number of relays. A simulation was performed,
and it revealed that the proposed method can appropriately
allocate the computational processes of ML tasks and distribute
them to WSN nodes.

Index Terms—wireless sensor network, opportunistic routing,
machine learning

I. INTRODUCTION

Machine learning (ML)-applied sensing systems for mon-
itoring conditions [1], [2] and detecting targets [3], [4] are
widely deployed in the research and development of wireless
sensor networks (WSNs) [5], [6]. In these systems, sensing
data are aggregated by a sink node, which then sends the data
to a central server for executing ML tasks. However, the central
server must deal with large amounts of sensing data and a high
processing cost for ML tasks.

To alleviate these burdens, a distributed processing method
that divides and allocates the computational processes con-
tained in an ML task to wireless sensor networks (WSN)
nodes was proposed [7]. Additionally, an allocation strategy
of dividing computational processes of multiple ML tasks was
also proposed [8]. However, these approaches mainly focused
on deciding division points of a computational process in an
ML task and allocating them to WSN nodes in known topolo-
gies without considering the routing algorithm in distributed
environments.
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This paper proposes an opportunistic division and allocation
method of ML tasks using opportunistic routing (OR) [9] that
autonomously makes forwarding decisions at the packet level
without relying on a specific path.

II. RELATED WORK

A distributed processing method of an ML task realizes the
division and allocation of a computational process by using
WSN nodes [7]. When a node generates an ML processing
request, its computational process is divided, and the divided
processes are then allocated to relay nodes. However, this
study focused on analyzing the behavior on a simple straight-
line topology. Therefore, an allocation algorithm in distributed
environments was not considered. Another distributed process-
ing method realizes a division and load-balanced allocation
strategy of multiple ML tasks [8]. This method divides the
computational processes of multiple ML tasks and allocates
them to relay nodes based on the hop count and number
of routes stored in each node to distribute the computational
load among the WSN nodes. However, this method does not
consider the routing and allocation procedure in distributed
environments because it assumes that routes and metrics are
obtained in advance.

Backoff-based opportunistic routing (OR) [9] can flexibly
establish a flexible forwarding path based on cost information,
such as a hop count, in distributed environments. When a node
receives a data packet, it calculates the backoff time using cost
information to the destination and waits for a timer to expire.
Upon receiving the same packet from other nodes, it cancels
waiting and discards the kept packet. Otherwise, it forwards
the kept packet as a forwarder after the timer expires. By
repeating this procedure, backoff-based OR can autonomously
make forwarding decisions without depending on a specific
path. Therefore, by exploiting the backoff-based OR, a process
division and allocation mechanism of ML tasks can be realized
in distributed environments.

III. PROPOSED METHOD

This paper proposes a process division and load-balanced
allocation method of ML tasks with an adaptive node selection
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considering the computational resources of WSN nodes. Fig. 1
illustrates an overview of the proposed method. The proposed
method adopts a backoff-based OR that can make a forward-
ing decision based on a backoff time calculated using both
hop counts to a sink node and the remaining computational
resources of potential forwarders. When a potential forwarder
is selected as a forwarder, it calculates its computation effort
based on its remaining computational resource and starts to
execute the allocated process of the ML task. After finishing
the process, the forwarder sends the processing result as
data to the next forwarder. The proposed method repeats this
procedure until the processing result reaches the sink node.

Discovery phase: When a source node S generates an ML
task, it starts flooding a request packet to discover the sink
node D if S does not have a cost information hgp that
denotes the S’s hop count to D. Each receiver r records cost
information h,g in its cost table and forwards the received
packet. When D receives the request packet, it sends a reply
packet to S. Note that the reply packet is forwarded based
on a backoff time calculated by each receiver r as in [9].
Each receiver of the reply packet r records and updates h,p
by using the traversed hop count in the packet header. When
S receives the reply packet, it calculates target computational
cost ps = Ps/(hsp + 1), where Ps is the total computational
cost generated by S, and then it moves to the forwarding phase.
Forwarding phase: Fig. 2 illustrates the procedure of the
forwarding phase. A forwarder ¢ including the source node
calculates its computational effort p; as described in the
following equation, Eq. (1), and starts to execute a part of

the ML task.
pi=d DS (Ps < Qi — @)
' Qi—q¢ (Bs>Qi—aq) ’
where Q; (0 < Q;) denotes i’s entire computational resource

and ¢; (0 < ¢; < Q;) denotes i’s total on-going computational
load. When ¢ finishes the computation, it writes ps, hop count

(1)
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hip, the remaining process, the addresses of S, D, and i,
and a sequence number in the header. Then, it broadcasts the
processing result as data.

Each receiver r calculates a backoff time b, based on h,.p
in its cost table and h;p in the header of the received packet,
and starts waiting as a potential forwarder. Note that details
on the backoff time calculation are described below. When r
finishes waiting, it broadcasts an ACK packet with 7’s address
as a previous-hop forwarder. When 7 receives the ACK packet,
it rebroadcasts the received ACK packet with 7’s address for
selecting r as the next-hop forwarder. If r receives the ACK
packet from ¢, it becomes a forwarder and starts its computa-
tion as described above. When a potential forwarder in waiting
receives an ACK packet in which it is not selected itself as the
previous- or next-hop forwarder, it stops waiting to suppress
redundant computations. To repeat the above procedure, the
proposed method can autonomously make forwarding and
allocating decisions of the divided processes in an ML task.
Backoff time calculation: The proposed method adopts two
backoff time calculation algorithms: the hop count-based and
computation load-based algorithms, to realize an appropriate
forwarder selection.

In the hop count-based calculation proposed in [9], a
receiver of a data packet r calculates §,, which denotes a
difference between the estimated hop count to D and h,p
in r’s cost table. The estimated hop count is calculated by
subtracting one from the hop count to D, which is stored
in the received packet. Therefore, 6, denotes an index how
become close the data packet to the D if r forwards it. Next,
r calculates the backoff time b, using J,- obtained by p,-(6,-) =
u(s (6 +7) =< (0,)) and b, = Trax (6 (6,) + - (6,) ), where
G- is a sigmoid function, Ti,.x 1S @ max backoff time, wu is
a uniform random decimal of (0, 1), and v is a parameter.
This calculation method realizes that a potential forwarder
can obtain a shorter backoff time than the others when it is
the closest to the sink node. However, as this method does
not consider the on-going computational cost of nodes, it can
cause an uneven computational load among nodes.

To balance the computational loads of the nodes, this paper
proposes a computational load-based calculation that considers
computational resource utilization ¢,./@,. The receiver r’s
backoff time b, is calculated by b, = Tiax (5-(6, + &) +
(6, + &=)). When there are potential forwarders with
the same 4, this method gives more priority to a potential
forwarder with the smallest computational resource utilization
qr/Q, to calculate the shortest backoff time than the other
methods. Therefore, it can distribute the computational load
among nodes with the same costs.

IV. PERFORMANCE EVALUATION
A. Simulation Setup

The performance of the proposed method was evaluated
using QualNet [10]. In the evaluation, 25 nodes were placed
in a grid with 100 m spacing. The node placed at the upper
left corner was set to a source node S, and the node placed
at the lower right corner was set to a sink node D. The



nodes employed IEEE 802.11b as a wireless medium, and
their communication range and data rate were set to 110 m
and 11 Mbps. In the proposed method, ); was set to one as
the normalised value, and ; = 1 was 60s. S generated 100
requests of the ML tasks including Ps in 2s intervals.

As evaluation indices, this paper adopted each node i’s
peak computational load qf’eak, its standard deviation opeak
excluding S and D, ¢’s total amount of processed computa-
tional cost pi°*8l its standard deviation oot excluding S
and D, the server’s total amount of processed computational
cost ptotal " and total number of nodes reaching ;. Note
that packet transmission success rates of hop count-based and
computational load-based calculation were 94.7 % and 94.6 %,
respectively. Therefore, evaluation results only include almost
no effects owing to packet losses.

B. Simulation Results

Fig. 3 shows the heat maps of ¢”*** for both calculation
methods for Pg = 1. Although both methods increased the
qfeak of nodes around the S and D, the computational load-
based calculation balanced the ¢”*** of nodes around the
center of the topology.

Fig. 4 shows both methods increased opeax and oOtotal
with increasing Ps. In particular, the computational load-based
calculation suppressed the increases more than the hop count-
based calculation.

Fig. 5 shows pfotal ~and the total number of nodes reaching
Q; with varying Ps. The hop count-based calculation in-
creased the number of nodes reaching (); as Ps increased since
it does not consider the computational load; consequently,
piotal significantly increased. In contrast, the computational
load-based calculation can distribute the computational load,
thereby reducing the server’s load since it can avoid selecting a

forwarder that reaches its computational capacity if available.

V. CONCLUSION

This paper proposed a decentralised division and allocation
method of ML tasks using backoff-based OR. The proposed
method realized the division and allocation mechanism of an
ML task based on the computational load of relay nodes
and the load-balanced adaptive relay node selection based
on backoff-based OR. In the performance evaluation, the
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hop count-based calculation significantly increases the computational burden
on the server and the number of nodes reaching @); as Ps increases, whereas
the computational load-based calculation suppresses them.

simulation results indicated that the proposed method can
properly distribute the processing cost of ML to each relay
node. As a future direction of this study, we will evaluate the
proposed method using more realistic division models, such
as the discrete processing cost, and random topologies.
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